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Abstract 
 
Drylands are under constant threat from multiple stresses and challenges, 
which occur as a result of a complex interaction of natural processes, and human-
induced processes caused by unsustainable land use practices, leading to vegetation 
degradation and desertification, which is believed to be one of the most serious 
environmental problems. Understanding the existing distribution of vegetation in the 
drylands, and changes in vegetation properties in response to climate change and 
land use change is essential for conservation and sustainable management of 
vegetation in this environment. This research focused on mapping and monitoring of 
vegetation in the arid and semi-arid regions in the drylands of Africa.  
Assessment of the state of vegetation and their dynamics relies on the use of 
optical remote sensing data. Although there are many advantages of using optical 
remote sensing data, a major limitation is the availability of cloud-free scenes, which 
stimulates studies of other remote sensing data sources such as the Synthetic 
Aperture Radar (SAR). SAR data have been used to complement the cloud problems 
of optical sensor images because SAR data are not influenced by weather conditions. 
To explore the potential of spaceborne SAR data for mapping and monitoring of 
vegetation in the drylands of Africa, we selected two main vegetation types in the 
arid and semi-arid environment, namely; mangroves and grasslands.  
Mangroves are among the most productive ecosystems, providing many 
critical ecological functions and ecosystem services. Despite of their economic and 
ecological importance, they experience high yearly loss rates due to unmanaged 
human activities, including; over-cutting, over-grazing, and habitat destruction. This 
places other environmental services provided by mangroves at considerable risk. 
There is a growing demand for mapping of mangroves extents, especially in the 
context of climate change and land use change. In this thesis, we integrated SAR data 
of ALOS/PALSAR with high resolution optical data of RapidEye for mapping of 
mangroves extents on the Red Sea coastline. We applied the object-based image 
analysis method and evaluated different machine learning algorithms and various 
input features, such as; spectral properties, texture features, and SAR derived 
parameters. The object-based analysis allowed clearly discriminating the different 
land cover classes within mangroves ecosystem, producing accurate maps of 
mangroves in the study area, as well as making recommendations on the suitability 
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of remote sensing data and selection of the classification methods for accurate 
mangroves mapping.  
The importance of grasslands lies in supporting human, fauna and flora 
populations by providing numerous goods and services. However, the ecosystem 
services provided by grasslands, they are facing several pressures, including the 
impact of drought. It has been one of the major factors influencing vegetation 
dynamics in grasslands, with substantial social and economic consequences. This 
makes it essential to monitor the grasslands state on a repeated and regular basis.  
We assessed the impact of drought on grasslands in Eastern Cape Province, 
using multi-temporal analysis of Sentinel-1 SAR backscattering and InSAR coherence 
and applying linear mixed-effects regression analysis. This also allowed us to detect 
the impact of drought on communal and commercial grasslands during drought and 
non-drought seasons. Results indicated that vegetation dynamics in grasslands 
ecosystems in the study area are highly responsive to climatic fluctuations. In 
addition, communal grasslands are more affected by drought impact than 
commercial grasslands due to the unsustainable use of resources in the communal 
grasslands, while in commercial grasslands, management activities were able to 
improve the growing conditions, reduce the impact of drought stress, and 
subsequently increase the resilience and productivity of this ecosystem. 
Results of this research confirmed the feasibility of using Spaceborne SAR 
data for mapping and monitoring of vegetation state and dynamics in the arid and 
semi-arid environment in Africa. SAR remote sensing data have shown their potential 
to derive spatial information from both mangroves ecosystems and grasslands. The 
elaborated approach can serve as decision‐making support for developing a regional 
action plan for conservation and management of vegetation in the arid and semi-arid 
environment, as well as it could be applied for similar applications worldwide. 
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Zusammenfassung 
 
Trockengebiete sind einer ständigen Bedrohung durch vielfältige Belastungen 
und Herausforderungen ausgesetzt, die sich aus einem komplexen Zusammenspiel 
natürlicher Prozesse und durch Menschen verursachter Prozesse aufgrund nicht 
nachhaltiger Landnutzungspraktiken ergeben. Dies führt zu Vegetationsabbau und 
Wüstenbildung, was als eines der schwerwiegendsten Umweltprobleme angesehen 
wird. Das Verständnis der vorhandenen Vegetationsverteilung in den 
Trockengebieten, die Veränderungen der Vegetationseigenschaften als Reaktion auf 
den Klimawandel und die Änderung der Landnutzung sind für die Erhaltung und 
nachhaltige Bewirtschaftung der Vegetation in dieser Umgebung von wesentlicher 
Bedeutung. Diese Forschung konzentrierte sich auf die Kartierung und das 
Monitoring der Vegetation in den ariden und semi-ariden Regionen in den 
Trockengebieten Afrikas.  
Die Beurteilung des Vegetationszustands und seiner Dynamik stützt sich auf 
die Verwendung optischer Fernerkundungsdaten. Obwohl die Verwendung 
optischer Fernerkundungsdaten viele Vorteile bietet, besteht eine wesentliche 
Einschränkung in der Verfügbarkeit wolkenfreier Szenen, die Studien zu anderen 
Fernerkundungsdatenquellen wie dem Synthetic Aperture Radar (SAR) anregen.. 
Um das Potenzial weltraumgestützter SAR-Daten für die Kartierung und das 
Monitoring der Vegetation in den Trockengebieten Afrikas zu untersuchen, haben 
wir zwei Hauptvegetationstypen in ariden und semi-ariden Gebieten ausgewählt: 
Mangroven und Grasland.  
Mangroven gehören zu den produktivsten Ökosystemen und bieten viele 
wichtige ökologische Funktionen und Ökosystemleistungen. Trotz ihrer 
wirtschaftlichen und ökologischen Bedeutung weisen sie hohe jährliche Verlustraten 
aufgrund nicht verwalteter menschlicher Aktivitäten auf. Dies birgt ein erhebliches 
Risiko für andere durch Mangroven erbrachte Umweltleistungen. Es besteht ein 
wachsender Bedarf an der Kartierung von Mangrovenbeständen. In dieser Arbeit 
haben wir SAR-Daten von ALOS / PALSAR mit hochauflösenden optischen Daten 
von RapidEye für die Kartierung von Mangroven-Ausmaßen an der Küste des Roten 
Meeres integriert. Dabei haben wir die objektbasierte Bildanalysemethode 
angewendet und verschiedene Algorithmen für maschinelles Lernen und 
verschiedene Eingabemerkmale ausgewertet. Die objektbasierte Analyse ermöglichte 
eine klare Unterscheidung der verschiedenen Landbedeckungsklassen innerhalb des 
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Mangroven-Ökosystems, die Erstellung genauer Karten der Mangroven im 
Untersuchungsgebiet sowie Empfehlungen zur Eignung von Fernerkundungsdaten. 
Die Bedeutung von Grasland liegt in der Unterstützung der Bevölkerung, der 
Fauna und Flora durch die Bereitstellung zahlreicher Waren und Dienstleistungen. 
Bei den von Grasland erbrachten Ökosystemleistungen sind sie jedoch mehreren 
Belastungen ausgesetzt, einschließlich der Auswirkungen von Dürreperioden. Es war 
einer der Hauptfaktoren, der die Vegetationsdynamik in Grasland mit erheblichen 
sozialen und wirtschaftlichen Folgen beeinflusste. Daher ist es wichtig, den 
Graslandzustand in regelmäßig  Abständen zu überwachen. Um die Auswirkung der 
Dürre auf Grasland in der Provinz Ostkap zu bewerten, verwendeten wir eine 
mehrzeitige Analyse der Sentinel-1-SAR-Rückstreuung und der InSAR-Kohärenz. 
Die Ergebnisse zeigten, dass die Vegetationsdynamik in Graslandökosystemen im 
Untersuchungsgebiet stark auf klimatische Schwankungen reagiert. Außerdem sind 
kommunale Graslandflächen aufgrund der nicht nachhaltigen Ressourcennutzung in 
den kommunalen Graslandflächen stärker von Dürreeinflüssen betroffen als 
gewerbliche Graslandflächen. In gewerblichen Graslandflächen konnten die 
Bewirtschaftungsmaßnahmen die Wachstumsbedingungen verbessern, die 
Auswirkungen von Trockenstress verringern und anschließend Steigern Sie die 
Belastbarkeit und Produktivität dieses Ökosystems. 
Die Ergebnisse dieser Studie bestätigten die Machbarkeit der Verwendung 
weltraumgestützter SAR-Daten zur Kartierung und Monitoring des 
Vegetationszustands und der Vegetationsdynamik in ariden und semi-ariden 
Gebieten in Afrika. SAR-Fernerkundungsdaten haben gezeigt, dass sie räumliche 
Informationen sowohl aus Mangrovenökosystemen als auch aus Grasland ableiten 
können. Der ausgearbeitete Ansatz kann als Entscheidungshilfe für die Entwicklung 
eines regionalen Aktionsplans zur Erhaltung und Bewirtschaftung der Vegetation in 
ariden und semi-ariden Gebieten dienen und für ähnliche Anwendungen weltweit 
angewendet werden.  
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Chapter 1 
 
Introduction 
 
This chapter provides an introduction to the thesis including; dryland 
ecosystems, environmental degradation in drylands of Africa, and using SAR 
remote sensing for mapping and monitoring of vegetation in this environment. 
The chapter concludes by providing the objectives of the work, research 
questions, and an outline of the thesis structure. 
1. Overview 
1.1. Dryland Ecosystems  
Drylands cover about 41% of the earth’s land surface, comprising hyper-
arid to dry sub-humid climate zones that are defined by low mean annual 
precipitation amounts compared to potential evaporation, that is, a ratio of mean 
precipitation to potential evaporation less than 0.65 (Thomas and Middleton, 
1994; Safriel et al., 2005; Stellmes et al., 2015, Figure 1.1). They include a large 
number of ecosystems that belong to the four broad biomes, namely; forests, 
Mediterranean, grasslands, and deserts (Safriel et al., 2005), and are home to about 
one-third of the global population, with many residents directly depending on 
dryland ecosystem services (MEA, 2005).  
The dominant land uses in drylands are rangelands and croplands, jointly 
accounting for 90% of dryland areas; while forests and woodlands account for 
only 10% of the drylands. These land uses, in turn, support the livelihoods of more 
than two billion people, about one-third of the world population (MEA, 2005). 
Dryland ecosystems provide different regulatory services, including the 
provision of food, forage, water, and other resources. Drylands also provide 
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ecosystem services of global significance, such as climate regulation by 
sequestering and storing vast amounts of carbon due to the large areal extent (Lal, 
2004; Stellmes et al., 2015). 
 
Figure 1.1. Distribution of drylands throughout the world (MEA, 2005). 
Arid, semiarid and dry sub-humid areas, collectively denominated 
drylands, are characterized by unique climatic conditions, including scarce and 
variable precipitation, high temperatures, and high potential evapotranspiration 
(Reynolds et al., 2007). Most frequently, soils contain low nutritious reserves and 
have low contents of organic matter and nitrogen (Skujins, 1991). Water 
availability and the tolerance to periods of water scarcity are key factors in 
drylands productivity (Stafford Smith et al., 2009). In response to water scarcity 
and climatic variability, drylands’ species show many remarkable adaptations to 
water stress, including the ability to conserve water, to extract water efficiently 
when it is scarce, or to survive periods without water (Davies et al., 2012). 
More than half of the African continent can be classified as a dryland 
system that is characterized by low rainfall and high evapotranspiration. Indeed, 
Africa contains some of the driest regions on Earth that constitute some of the 
oldest continually inhabited environments (Templeton, 2002). The human- 
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environment connection in the drylands of Africa forms a complex, interlinked 
system that provides ecosystem services. The majority of food consumed comes 
from domestic sources, making the natural system a crucial direct factor that acts 
both as a source of livelihood and nutrition. However, this system is susceptible 
to climatic variability that affects the supply of its products, which affects the 
demand for these products (Barrett and Upton, 2013). 
Vegetation degradation is common in the drylands of Africa and this 
directly leads to soil degradation and desertification (Middleton and D. Thomas, 
1997). Desertification threatens the sustainability of land, and is believed to be one 
of the most serious global environmental problems. The UNCCD definition of 
desertification emphasizes two main causative factors, notably climatic variations 
and human activities; particularly removal of natural vegetation cover (UNCCD, 
2005). The extent of degradation in semi-arid zones is more influenced by 
agricultural activities than in the arid zone, while over-exploitation in the arid 
zone is more important in natural resource degradation (FAO, 2001).  
Understanding the existing distribution of vegetation in the drylands of 
Africa, and changes in vegetation properties in response to climate change and 
land use change is essential for developing strategies for conservation and 
sustainable management of vegetation in this environment. It provides crucial 
information for biogeographic analysis (Siqueira and Durigan, 2007), 
conservation of rare and/or endangered species (Engler et al., 2004), and assists in 
determining priority areas for conservation (Ortega-Huerta and Peterson, 2004).  
2. Mapping and Monitoring of Vegetation in Drylands 
Earth observation (EO) data and techniques are the most promising for 
monitoring environmental changes at multiple scales and high temporal 
frequencies (Pettorelli et al., 2014). EO is essential for providing useful information 
with a high level of details for large areas with short repetition intervals (Wulder 
and Franklin, 2003; Masek et al., 2015). Such detailed and up-to-date information 
about vegetation dynamics is necessary for assessment of ecological conditions 
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(Wulder et al., 2004; Zlinszky et al., 2015), and for sustainable management 
(Franklin, 2001). Remote sensing is considered a viable method for gathering 
information in a spatially and temporally continuous manner. It offers an efficient 
and reliable means of collecting spatial information required for assessing 
vegetation dynamics. The development and deployment of satellites have 
enhanced the collection of remotely sensed data over large areas (Franklin, 2001).  
Spaceborne remote sensing is economically competitive with other forms 
of data collection such as aerial photography, especially where low or moderate 
resolutions data are adequate. Broad swath widths and the advent of high 
resolution systems enable frequent repeat coverage of vegetation in the arid and 
semi-arid environment. Spaceborne systems can also collect data over denied or 
remote areas without interruption. The capacity of spaceborne remote sensing to 
identify and monitor land surfaces and environmental conditions has expanded 
greatly over the last few years and remotely sensed data became an essential tool 
in natural resources management (Sanderson et al., 2002). 
3. SAR Data for Mapping and Monitoring of Vegetation in Drylands 
A challenge for understanding vegetation dynamics in the arid and semi-
arid regions with respect to rapid climate change and land use change has been 
the lack of sustained observations of ecosystem processes. However, more 
detailed and area-specific information is necessary for many applications; there is 
a need for consistent, repeatable monitoring of vegetation properties and 
processes across the arid and semi-arid ecosystems (Langley et al. 2001; Nordberg 
and Evertson 2003).  
Assessment of the state of vegetation and their dynamics generally relies 
on the use of optical remote sensing data. Although there are many advantages of 
using optical data for mapping and monitoring of vegetation, a major limitation 
is the availability of cloud-free scenes, which stimulates usage of other remote 
sensing data sources such as Synthetic Aperture Radar (SAR) (Mitchard et al., 
2011; Carreiras et al., 2013). SAR is an advanced radar system that utilizes image 
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processing techniques to synthesize a large virtual antenna, which provides much 
higher spatial resolution than using a real-aperture radar (Curlander and 
McDonough, 1991). It has great potential in monitoring and assessment of 
environmental changes. Moreover, SAR sensors, being active instruments with 
their own source of energy, can acquire images in all-weather conditions and with 
no difference between day and night (Lillesand et al., 2008).  
Several studies have demonstrated the potential of SAR data for vegetation 
mapping and monitoring indicating that SAR-based methods can potentially 
outperform the optical data especially when cloud coverage restrain applications 
of optical satellite images (Almeida-Filho et al., 2009; Lang and McCarty, 2008; 
Hoekman et al., 2010). However, there is little published research on using SAR 
data for mapping and monitoring of vegetation in the drylands of Africa. This gap 
remains to be addressed to be able to produce more accurate spatially explicit 
information on vegetation dynamics in the arid and semi-arid environments 
based on remote sensing data to eventually support the sustainable management 
of vegetation in this environment.  
To explore the potential of SAR data for mapping and monitoring of 
vegetation in the arid and semi-arid regions in Africa, we selected two main case 
studies. They represent the two main threats affecting the distribution of 
vegetation in this environment, particularly; climate change, and human 
disturbance. The first case study is located on the Red Sea coastline in Egypt and 
focused on mapping of mangroves ecosystems, which suffer from the heavy 
impacts of human disturbance, including over-grazing, over-cutting, and habitat 
destruction. The second case study is located in Eastern Cape Province, in South 
Africa, and focused on monitoring of grasslands, which suffer from the impact of 
drought and land degradation. The next sections provide more details about the 
two main vegetation types investigated in this thesis (mangroves and grasslands) 
including their distribution, importance, threats affecting their distribution, as 
well as the potential of using Earth Observation data for mapping and monitoring 
of these valuable ecosystems.  
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3.1. Mapping of Mangroves Extents on the Red Sea Coastline 
Mangroves are the dominant vegetation for over 70% of tropical and 
subtropical coastlines of the world (Spalding et al., 1997). They are salt-tolerant 
evergreen forests, represent interphase between terrestrial and marine 
communities, and provide a habitat to both aquatic and terrestrial organisms 
(Feller et al., 2010). They may grow as trees or shrubs according to the climate, 
salinity of the water, topography and edaphic features of the area in which they 
exist. They have developed morphological, physiological and reproductive 
adaptations that have allowed the colonization of salty, waterlogged and 
frequently reducing soils, with rapid growth in areas subject to geomorphic 
changes (Hogarth, 1999). Mangrove species diversity and cover are fairly low. 
However, as mangroves are often the only forest ecosystem found along the 
coasts, they provide needed resources for local communities and a habitat for a 
wide range of wildlife and are important in the conservation of forest genetic 
resources (FAO, 2007).  
Mangroves are among the most productive and biologically important 
ecosystems in the world. They have adapted to the harsh conditions of high 
salinity, warm air, and water temperatures, extreme tides, muddy sediment-laden 
waters, and oxygen-depleted soils, they have a thick, partially exposed network 
of aerial roots, penetrate deeply into the anaerobic mud, bringing oxygen to 
deeper portions of the root. They are highly productive ecosystems with a rich 
diversity of flora and fauna (Twilley and Rivera-Monroy, 2005). They support the 
conservation of biological diversity by providing habitats, nurseries, and 
nutrients for a number of animals and marine organisms, it creates a wide 
diversity of niches, which serve as suitable habitats for feeding, breeding, 
spawning and hatching of sedentary and migratory species (Barbier and 
Sathiratai, 2004).  
They are considered of great ecological importance in shoreline 
stabilization, reduction of coastal erosion, sediment and nutrient retention, flood 
and flow control, and water quality (Giri et al., 2007; Gedan et al., 2011; Vo et al., 
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2013), besides their regular economic benefit through various forest products; 
providing firewood, charcoal, and timber (Walters et al., 2008). Mangroves also 
provide other socially and economically important materials such as fodder for 
livestock, medicines, and dyes. They are of great value to the local communities, 
and of considerable national and international importance. With the current 
acceleration of climate change, mangroves are being increasingly seen as carbon 
sinks and carbon stores (FAO, 2007).  
Despite of their economic and ecological importance, mangrove 
ecosystems experience high yearly loss rates of 1-2% (Beaumont et al., 2011) and 
thus more than 50% have already disappeared in recent times (Feller et al., 2010). 
High population pressure in coastal areas has led to the conversion of many 
mangrove areas to other uses, and numerous case studies described these 
mangrove losses over time (FAO, 2007). Reasons for this loss are for example; 
over-exploitation, unsustainable wood extraction, conversion by urbanization, 
agriculture, aquaculture, and the pollution and alteration of the hydrological 
system (Hogarth, 1999; Lacerda, 2001). Mangroves along the Red Sea coastline in 
Egypt became threatened due to unmanaged human activities including over-
cutting, over-grazing, and habitat destruction. A marked increase in traditional 
use is reported with a rapidly expanding human population and urban 
development along the coastal zone. This places other environmental services 
provided by mangroves, such as fish nursery areas, coastal protection, and bird 
roosting areas, at considerable risk. 
There is a growing demand for integrated assessment to address the risk 
on mangroves ecosystems, especially in the context of climate change, human 
disturbance, and related threats to coastal ecosystems. Remote sensing is the most 
appropriate tool for mapping and assessing changes in mangrove ecosystems, 
due to its ability to capture high spatio-temporal variability over large 
geographical scales (Archibald and Scholes, 2007). It provides a fast, cost-effective, 
and efficient methods for mangroves mapping, it is particularly useful since many 
mangroves extents are located in remote areas, where field measurements are 
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difficult, time-consuming, and expensive (Held et al., 2003). Remote sensing data 
offers many advantages in this respect and has been used in several studies for 
mangroves mapping (Green et al., 1996). 
A variety of sensors and image processing methods have been used in the 
remote sensing of mangroves, such as SPOT (Système Pour l’Observation de la 
Terre) (Jensen et al., 1991; Rasolofoharinoro et al., 1998) and Landsat Thematic 
Mapper (TM) (Long and Skewes, 1996; Green et al., 1998). Since mangroves along 
the Red Sea coastline often grow in narrow small patches, high resolution 
remotely sensed data are required to capture the newly colonized individual 
stands or relatively small patches of mangroves stands that cannot be captured 
with medium spatial resolution satellite data e.g., Landsat imagery (Neukermans 
et al., 2008).  
Several studies have demonstrated the potential of SAR data for mapping 
of mangroves indicating that SAR-based methods can potentially outperform the 
optical remote sensing data (Almeida-Filho et al., 2009; Hoekman et al., 2010; 
Häme et al., 2009). SAR sensors are particularly used for woody structural 
mapping, because of their capacity to capture within-canopy properties (Le Toan 
et al., 2011; Sun et al., 2011; Santoro et al., 2007), and lack of sensitivity to cloudy 
conditions. L-band SAR provided by the Advanced Land Observing Satellite 
(ALOS) Phased Array L-band Synthetic Aperture Radar (PALSAR) has been 
proven to be the most effective in forests mapping and characterization (Mitchard 
et al., 2011; Carreiras et al., 2013; Naidoo et al., 2015) due to the high penetration of 
L-band into the canopy.  
3.2. Monitoring of Grasslands in Eastern Cape Province 
Grasslands cover more than 40% of the Earth’s land surface and are widely 
used for livestock grazing and fodder production, thereby contributing to global 
food production in major ways (FAO, 2006). They are generally located in drier 
regions and experience high inter-annual variability in precipitation, which is a 
key driver of grasslands production and resource deterioration and recovery 
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(McKeon et al., 2004; Cobon et al., 2017). They are a major component of the natural 
vegetation in South Africa, it covers almost one-third of the country’s land 
surface, with a biome comprising 295,233 km2 of the central region of the country 
(Palmer and Ainslie, 2005). 
The importance of grasslands lies in several factors, including its use in the 
production of livestock, and grasslands’ role in maintaining biodiversity and soil 
erosion protection. Grasslands ecosystems support human, fauna and flora 
populations by providing numerous goods and services, such as the provision of 
forage for livestock, wildlife habitats, and biodiversity conservation (White et al., 
2000). Additionally, grasslands are the largest terrestrial carbon sink after forests 
(Derner and Schuman, 2007), and play a vital role in regulating the global carbon 
cycle (Franzluebbers, 2010). 
However, the ecosystem services provided by grasslands, they are facing 
several pressures due to the impact of climate change and unsustainable land 
management practices. At least 40% of the Grasslands Biome has been irreversibly 
modified, and nearly 60% of the remaining grassland areas are classified as 
threatened, this means that these ecosystems are losing vital aspects of their 
composition, structure, and functioning. This, in turn, influences their ability to 
deliver the essential services they provide (Palmer and Ainslie, 2005).  
Drought has been one of the major factors influencing vegetation 
dynamics in grasslands (Cook et al., 2007) with substantial social and economic 
consequences (Wilhite and Buchanan-Smith, 2005). The two relevant droughts, 
influencing grasslands, are meteorological drought, which is a consequence of a 
reduction of precipitation, and agricultural drought, which refers to a shortage of 
the available water for plant growth (Wilhite, 2000; Keyantash and Dracup, 2002). 
Severe drought can limit grasslands production (Knapp and Smith, 2001), alter 
nutrient cycling (Evans and Burke, 2013), and increase wildfire risk, and 
susceptibility to invasive plant species (Abatzoglou and Kolden, 2011).  
There is a critical need to understand how drought affects grasslands, in 
part because drought severity and drought-associated grasslands disturbances 
are expected to increase with the climatic change that might lead to a potential 
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degradation. On the other hand, spatially explicit data on the impact of drought 
on grassland can provide vital information for various applications such as 
biodiversity conservation, and monitoring land use intensification in areas with 
high conservation value (Wessels et al. 2007; Paudel and Andersen, 2010).  
Remote sensing offers a unique perspective for drought monitoring that 
complements the in situ–based climate data traditionally used for this application. 
Vegetation estimates from MODIS and AVHRR have been extensively used for 
studying vegetation dynamics (Piñeiro et al., 2006), but complex spatial patterns 
that result from the interaction of disturbances with soils, topography, and 
vegetation are often undetectable with moderate-low resolution sensors (0.25–1 
km). Satellite-based indices such as the Normalized Difference Vegetation Index 
(NDVI) became increasingly used for various environmental monitoring 
applications including drought monitoring (Kogan, 1997; Peters et al., 2002).  
SAR data have been used to complement the cloud problems of optical 
sensors because SAR data are not influenced by weather conditions (Lang and 
McCarty, 2008). Due to their sensitivity to dielectric and structural land surface 
features, SAR data have shown their potential to derive spatial information from 
land surfaces, especially radar backscatter from polarimetric SAR systems allows 
a detailed description of different vegetation and soil properties (Morandeira et 
al., 2016).  
4. Research Objectives 
The main objective of this study focuses on exploring the potential of 
spaceborne SAR data for enhancing vegetation mapping and monitoring in the 
arid and semi-arid regions of Africa. The specific objectives are: 
(a) Exploring the potential of ALOS PALSAR data for mapping of mangroves 
extents on the Red Sea coastline (Chapter 4). 
(b) Assessing the impact of drought on grasslands in Eastern Cape Province 
using multi-temporal SAR data of Sentinel-1 (Chapter 5). 
(c) Evaluating the potential of Interferometric SAR (InSAR) coherence of 
Sentinel-1 for grasslands monitoring in Eastern Cape Province (Chapter 6). 
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5. Research Questions 
The research objectives of this thesis can be formulated into three main 
questions, each question will be investigated in a separate chapter: 
(a) How precisely SAR data could be used for mapping of mangroves extent 
on the Red Sea coastline? and what is the applicability of integrating SAR 
data with optical data for mangroves mapping? 
(b) What is the potential of using multi-temporal SAR data of Sentinel-1 for 
assessing the impact of drought on communal and commercial grasslands 
in Eastern Cape Province?   
(c) Could the InSAR coherence derived from Sentinel-1 SAR data be used for 
monitoring of grasslands under drought and non-drought conditions? 
6. Thesis outlines 
This thesis is structured in two main parts. The first part (chapters 1, 2 & 3) 
includes an introduction into the thesis, principles of SAR systems, and the study 
area description. Chapter 2 provides an overview of the principles of SAR systems 
and the properties of SAR data. Chapter 3 provides an overview of the study area 
and the different data sources used in this thesis. The second part (chapters 4, 5 & 
6) consists of three publications concerning the applications of Spaceborne SAR 
remote sensing in mapping and monitoring of vegetation dynamics in the arid 
and semi-arid environments. Chapter 4 focuses on using SAR data of 
ALOS/PALSAR integrated with high resolution optical data for mapping of 
mangroves extents on the Red Sea coastline in Egypt. Chapter 5 investigates the 
use of multi-temporal SAR data of Sentinel-1 for assessing and detecting the 
impact of drought on grasslands in Eastern Cape Province in South Africa. 
Chapter 6 explores the potential of using Sentinel-1 InSAR coherence for 
grasslands monitoring in Eastern Cape Province. Finally, Chapter 7 outlines the 
conclusions of the work and the outlook for the future. 
  
 
Chapter 2 
 
Principles of SAR Systems  
 
This chapter provides an overview of the principles of SAR systems, 
including the concepts necessary for understanding the operating principles of 
SAR, the properties of SAR images, SAR Polarimetry, and scattering mechanisms 
of SAR data.  
1. Principles of SAR Systems 
1.1. Spaceborne RADAR Remote Sensing  
Remote sensing is divided into passive and active, passive sensors record 
the emitted or reflected radiation from objects on the earth’s surface. In most 
cases, the source of radiation is the sun. Optical sensors and passive microwave 
sensors are examples of passive sensors. They capture the visible, near-infrared, 
short wave infrared and thermal infrared wavelengths. Active sensors, on the 
other hand, transmit microwave pulses from their antenna to the ground and 
record the backscatter such as laser light (LIDAR), or radio waves RADAR (Radio 
Detection and Ranging) (Henderson and Lewis, 2008).  
Radar is an active sensor operates in the microwave portion of the 
electromagnetic spectrum (Figure 2.1). Unlike optical waves, microwaves are not 
affected by clouds; they can penetrate vegetation canopies to some degree. They 
are sensitive to moisture and rainfall. Indeed, they are affected by the dielectric 
properties of the surface that change with the moisture conditions, they are also 
affected by imaging geometry, topography, and surface roughness of the target 
(Henderson and Lewis, 2008; Lillesand et al., 2008). Radar systems transmit and 
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receive signals in the wavelength range of 1 cm to 1 m, equivalent to a frequency 
of between 300 MHz and 30 GHz (Campbell, 2002, Figure 2.2). 
 
Figure 2.1. The fundamental arrangement for active microwave 
remote sensing (Richards, 2009). 
 
Figure 2.2. (a) The electromagnetic spectrum, and (b) the indicative transmittance of 
the atmosphere on a path between space and the Earth (Richards, 2009). 
1.2. Synthetic Aperture Radar (SAR) 
Synthetic Aperture Radar (SAR) is a microwave imaging system. It is 
actively illuminating the ground with electromagnetic pulses with a microwave 
frequency (0.3–300 GHz) (Curlander and McDonough, 1991). SAR sensors are 
side-looking systems, with a long-track flight path referred to as the azimuth and 
a cross-track (right angle to flight direction) described as the range (Lillesand et 
(a) 
(b) 
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al., 2008). SAR uses the forward motion of the sensor to simulate a long antenna 
by integrating several looks of the same scene. SAR transmitter sends regular 
pulses of microwave energy to the ground. The radar pulse interacts with the 
Earth’s surface and scattered in all directions, with some energy reflected back 
toward the radar’s antenna known as backscatter. The backscattered energy 
received by the antenna is dependent on the dielectric properties of the ground, 
its surface roughness, and local incidence angle (Campbell, 2002, Figure 2.3). 
 
Figure 2.3. SAR imaging geometry (Richards, 2009) 
1.3. SAR System Parameters  
Spaceborne SAR data have been acquired since the late 1970s by several 
satellites using various systems and acquisition parameters. This section provides 
a brief introduction to some of the different parameters of SAR systems. 
1.3.1. Frequency 
Two of the key parameters that determine the interaction of the radar 
signal with vegetation are the radar wavelength or frequency and polarization. 
Most SAR satellites have operated in three frequencies: X-band, C-band, and L-
band. The shorter wavelength X-band signal interacts mainly with upper sections 
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of the vegetation, the intermediate C-band signal penetrates further and can 
penetrate the entire canopy under some circumstances, and the L-band signal can 
penetrate throughout the vegetation and interact with the surface beneath the 
vegetation (Lillesand et al., 2008, Figure 2.4). SAR instruments considered in this 
thesis are ALOS PALSAR, which uses L-band, and Sentinel-1, which uses C-band. 
Table (2.1) shows the different spaceborne SAR sensors with different frequencies 
and polarizations. 
 
 
 
Figure 2.4. Interaction of L-band and C-band SAR data with vegetation. 
Table 2.1. Spaceborne SAR sensors, modified after Wdowinski and Eriksson (2009). 
Satellite Frequency and Polarization Agency Time 
ERS-1 C-band, VV pol ESA 1992-1996 
ERS-2 (SAR) C-band, VV pol ESA 1996-2011 
JERS-1 L-band, HH pol JAXA 1992-1998 
Rasarsat-1 C-band, HH pol CSA 1995-2013 
Space shuttle (SRTM) X-, C-, and L-band NASA 2000 
Envisat (ASAR) C-band, dual pol ESA 2002-2012 
ALOS (PALSAR) L-band, dual pol, quad pol JAXA 2006-2011 
Radarsat-2 C-band, quad pol CSA 2007-present 
TerraSAR-X/TanDEM-X X-band, dual pol, quad pol DLR 2007-present 
COSMO-SkyMed X-band, dual pol ISA 2007-present 
ALOS (PALSAR-2) L-band, dual pol, quad pol JAXA 2014-present 
Sentinel-1A C-band, dual pol ESA 2014-present 
Sentinel-1B C-band, dual pol ESA 2016-present 
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Sensitivity to surface roughness is higher in longer wavelengths (lower 
frequencies) as compared to shorter wavelengths (higher frequencies). Surface 
roughness in SAR imaging depends on the wavelength of the microwave. A land 
surface can appear smooth to a long-wavelength radar, while the same surface 
appears rough at a short wavelength. If a SAR, with an L-band, illuminates a 
surface with a roughness of the order of 5 cm, the surface will appear dark because 
of low backscatter. In contrast, in an X-band, the same surface will appear bright 
because of high backscatter (Mattia et al., 1997, Figure 2.5).  
 
Figure 2.5. Variation in microwave backscatter from a rough surface as a 
function of wavelength. As the wavelength gets longer, the backscattering 
decrease. 
1.3.2. Polarization 
Polarization refers to the orientation of the electric field vector of the 
transmitted beam with respect to the horizontal direction. If the beam is 
horizontally polarized, the vector oscillates along a direction parallel to the 
horizontal direction. On the other hand, if the oscillation of the electric field vector 
is along a direction perpendicular to the horizontal direction, the beam is 
vertically polarized (Campbell, 2002, Figure 2.6).  
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Figure 2.6. Electromagnetic wave (adapted from Lillesand and Kiefer 1999). 
Transmitting pulses from a SAR satellite can be polarized horizontally (H) 
or vertically (V) and can also be received in either H or V or with a combination 
of HH, VV, HV or VH. The first generation of SAR satellites operated in a single 
polarization mode, such as HH (horizontal transmitted and horizontal received) 
by RSAT-1 or VV (vertical transmitted and vertical received) by ERS-1/2. The 
second generation of SAR satellites, such as Envisat and ALOS, already operated 
with dual-polarization modes, such as HH + HV (horizontally transmitted and 
two types of receptions, horizontal and vertical) or VV + VH. The composition of 
polarization provides information on the form and orientation of scattering on the 
target surface. Multiple polarizations help to distinguish the physical structure of 
the scattering surface (Campbell, 2002; Lee and Pottier, 2009).  
1.3.3. Backscattering 
Radar waves interact differently with vegetation, soil, water, and man-
made objects such as buildings and roads because the backscatter is affected by 
the surface properties of the objects. For a smooth surface such as water or a road, 
most of the incident energy is reflected away from the radar system resulting in a 
very low return signal. In contrast, rough surfaces will scatter the emitted energy 
in all directions and return a significant portion back to the antenna. In general, 
vegetation is usually moderately rough with most radar wavelengths (Richards, 
2009, Figure 2.7). 
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Figure 2.7. Diffuse surface scattering increases as roughness increases (Richards, 2009). 
Backscatter is also sensitive to the dielectric constant, which is a measure 
of the electrical properties of surface materials (Lillesand et al., 2008). 
Backscattering coefficient is measured in decibel (dB) units ranging from +5 dB 
for very bright objects to −40 dB for very dark surfaces. Vegetation can be a 
complicating factor as radar interaction depends strongly on the frequency and 
polarization of the microwave energy as well as the structure of the canopy 
(Lillesand et al., 2008). Backscatter is also affected by the incidence angle, it is the 
angle between the incidence radar signal and the direction perpendicular to the 
ground surface that the signal strikes. For angles less than about 25 degree 
smoother surfaces have greater backscatter than rougher surfaces (Campbell, 
2002; Lillesand et al., 2008, Figure 2.8).  
 
Figure 2.8. Radar backscatter as a function of incidence angle for 
representative surfaces.  
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1.3.4. Speckle Filtering 
In all types of coherence data including SAR imagery, there is a random 
constructive and destructive interference scattered by the target within one 
resolution pixel creating noise-like granulation called speckle. Speckle is a noise-
like scattering phenomenon embedded in the image itself possibly due to 
insufficient resolution of the sensor to resolve individual scatterers within an 
imaged pixel. In most situations, speckle makes the SAR image segmentation and 
classification difficult (Woodhouse, 2006). 
The presence of speckle in SAR data reduces the visibility of the imagery 
hence decreasing the discrimination of the target. To minimize the speckle effect 
in SAR imagery, incoherent averaging is performed. There are two main 
approaches for speckle filtering and enhancement; using the Doppler 
phenomenon where several parts often called ‘looks’ are averaged incoherently 
‘multi-looking’, the second method involves averaging the neighboring pixels 
using a windowing size function (Lillesand et al., 2008, Figure 2.9).  
 
Figure 2.9. (a) speckled image, and (b) speckle filtered image. 
1.4. SAR Scattering Mechanisms 
Figure (2.10) shows the three main scattering mechanisms, which explain 
the interactions of SAR signals with the surface and vegetation; surface scattering, 
volume scattering and double-bounce scattering (Freeman and Durden, 1998). 
Surface scattering is influenced by the surface roughness of the surface in relation 
to the SAR frequency.  Volume scattering is the interaction of the SAR signal with 
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vegetation canopy. This is especially prevalent in dense vegetation areas. Double-
bounce scattering is where the SAR signal interacts with objects orthogonal to the 
surface, such as the vertical stems of trees or the sides of buildings (Richards, 
2009).  
 
Figure 2.10. Different scattering mechanisms including; surface scattering, 
volume scattering, and double-bounce scattering (Watson et al., 2000). 
SAR signals returned are often a combination of the scattering 
mechanisms. In a forest, there are SAR backscattering returned from the canopy, 
through volume scattering, and double-bounce from the ground and the stems of 
the trees. For vegetation with smaller stems, such as shrubs or tall grass, a 
combination of volume scattering and surface scattering is returned. However, 
since the scattering mechanisms are frequency-dependent, different scattering 
interactions can be separated to a large degree, C-band interacts largely with the 
canopy, through volume scattering, whereas longer wavelengths such as L-band 
will penetrate the canopy, and return scattering from the stems and large branches 
through double-bounce scattering (Richards, 2009). 
 
 
 
 
Chapter 3 
 
Study Area and Data Sources 
 
This chapter provides an overview of the study area, the selected study 
locations with different study sites and different vegetation types. The chapter 
concludes with the different data sources used in the current study, including 
SAR and optical sensors with different characteristics. 
1. Study Area Description 
To achieve the objectives of the current study, two case studies were 
selected at different geographical locations in the arid and semi-arid 
environments in Africa, with different climatic conditions, vegetation structure, 
as well as different land use patterns; the first case study is located on the Red Sea 
coastline in Egypt (site A). The study focused on mapping of mangroves extents 
on the Red Sea coastline using ALOS PALSAR data integrated with high 
resolution optical data of RapidEye. The second case study is located in Eastern 
Cape Province in South Africa (site B). The study focused on using multi-temporal 
SAR data of Sentinel-1 intensities and InSAR coherence for assessing and 
detecting the impact of drought on grasslands. 
1.1. Site (A) on the Red Sea Coastline 
Site (A) is located on the Red Sea coastline in Egypt. The Red Sea is a semi-
enclosed elongated and narrow-shaped tropical basin (Figure 3.1). It extends 
between the Mediterranean Sea, to the northwest, and the Indian Ocean, to the 
southeast. At the northern end, it separates into the Gulf of Suez and the Gulf of 
Aqaba and connected to the Mediterranean Sea through the Suez Canal. At the 
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southern end, it is connected to the Gulf of Aden, and the outer Indian Ocean 
through the Strait of Bab-el-Mandab. The Red Sea covers a wide span of latitudes, 
from 12°N to 30°N, and longitudes, from 32°E to 44°E. The basin extends from 
north to south over a distance of approximately 1,900 km. Its average width from 
east to west is 280 km, with a maximum of 306 km, in the south, and a minimum 
of 26 km, at Bab-el-Mandeb Strait. The basin has a total area of about 440,000 km2, 
and more than 4,000 km of coastlines (Head, 1987, Figure 3.1).  
 
Figure 3.1. Map showing the geographical location of the study area; (a) reference map 
of Egypt, and (b) The study area on the Red Sea coastline overlaid on SRTM digital 
elevation model.  
The study site is also located in the Eastern Desert (ED) of Egypt. ED 
occupies the area extending from the Nile Valley eastward to the Red Sea, about 
223,000 km2. It is higher than the Western Desert as it consists essentially of high, 
rugged mountains running parallel to and at a relatively short distance from the 
Red Sea coast (Abu Al-Izz, 1971). The mountains of the Eastern Desert are of two 
types: igneous and limestone. The igneous mountains extend southward from 
Lat. 28°N to the north of the igneous mountains are the extensive limestone 
mountains (Zahran and Willis, 2009). The Red Sea coastline varies 
geomorphologically from a rugged coastline with marine terraces and rocky 
(a) (b) 
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shores, to coastal sabkhas, alluvial plains, and wadis. There are a large number of 
dry riverbeds, alluvial fans, and estuaries extending along the coast. 
Desert or semi-desert areas, with no major freshwater inflow, surround the 
Red Sea. Given the absence of rivers and permanent streams, occasional runoff is 
due only to wadis. In this arid region, extremely high temperatures characterize 
the weather, particularly in summer, increasing from the northern to the southern 
area. Warm to very warm surface water temperatures in all parts of the Red Sea 
basin were recorded and vary seasonally between 22 and 32 °C. During the 
summer, the temperature averages 26 °C in the north and 30 °C in the south, with 
only about 2-4 °C variation during the winter, averaging 23 °C (Maillard and 
Soliman, 1986; Sheppard et al., 1992). 
Mangrove communities in Egypt represent the northern latitudinal limits 
of the Endo-Pacific East African mangroves, and owing to its extreme 
environmental conditions (high salinity, low rainfall, and extreme temperatures), 
the trees are generally stunted, rarely exceeding five meters in height (FAO, 2007). 
They are found scattered along the Red Sea coastline, and the Gulf of Aqaba 
coastline, their usual habitat is shallow water, such as lagoons, bays, coral or sand 
bars parallel to the shore. Two species only of mangroves were recorded in Egypt; 
Avicennia marina (Forssk.) Vierh., and Rhizophora mucronata. Mangrove vegetation 
on the Red Sea coastline is usually dominated by A. marina (Figure 3.2); it is a 
tolerant species to relatively high salinity, low rainfall and temperature conditions 
(Zahran and Willis, 2009), while R. mucronata occurs at several southern locations 
on the Red Sea coastline; south of 25°N, and close to the Sudanese border, it 
requires more humid conditions and is less tolerant to high salinity when 
compared with A. marina (El-Gazzar, 1995; Galal, 1999). 
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Figure 3.2. Field photographs showing; (a) the mangroves ecosystem on the Red 
Sea coastline, (b) the surrounding habitats, (c) aerial roots of the mangroves, and 
(d) the accumulation of salts on the leaves of Avicennia marina. 
1.2. Site (B) in Eastern Cape Province 
The Eastern Cape Province is one of the nine provinces in South Africa, it 
covers an area of approximately 169,000 km2. It is the second-largest province in 
South Africa after the Northern Cape and located in the southeast of South Africa. 
It borders KwaZulu Natal, Free State and Lesotho to the north, and the Northern 
Cape and Western Cape to the west. The Indian Ocean forms the southern and 
eastern border of the Eastern Cape Province (Jordaan, 2017).  
Bisho is the capital of Eastern Cape Province. It is located between the port 
cities of East London and Port Elizabeth, which are the largest cities in the 
province. They are also the main centers of industry and trade in Eastern Cape. 
The province consists of one metropolitan municipality, six district 
municipalities, and 38 local municipalities. The population is at 12.7 million of 
which they most live in Port Elizabeth, East London and the Northern 
Municipality of O.R. Tambo. A total of 60% of the population lives in rural areas, 
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where some areas lack sufficient access to infrastructure and education (Jordaan, 
2017). 
Eastern Cape is characterized by topographic and climatic complexity and 
diversity, with very steep and complex environmental gradients leading to a rich 
mixture of floristic elements. All of South Africa’s biomes occur in Eastern Cape, 
except for Desert. The Grassland, dwarf-shrub vegetation (Nama Karoo), Thicket, 
and Savanna biomes are the most extensive. The mountainous region in the north 
of the province forms part of the Great Escarpment Mountains. Further south the 
Cape Folded Mountains start between East London and Port Elizabeth and 
continue westwards into the Western Cape. The coastal area north of East London 
is characterized by many short, deeply incised rivers flowing parallel to each 
other out to sea (Hoare and Bredenkamp, 2001).  
The climate range in Eastern Cape varies from mild warm temperatures to 
sub-tropical in the coast. Droughts can occur throughout the year, but grasslands 
are particularly vulnerable to droughts in the summer. The climatic conditions of 
the coastal areas lie between the subtropical conditions prevalent in KwaZulu-
Natal, and the Mediterranean climate of the Western Cape. The inland area is 
bisected by the great escarpment resulting in the southern reaches defined by a 
series of rivers and corresponding wetland fauna and flora, and while the 
northern areas are those of the altitudinous plains of the Plateau and Great Karoo. 
The precipitation regime is characterized by large variability at various time 
scales from intra-seasonal, through inter-annual to decadal and multi-decadal 
(Kane, 2009). We focused in this study on Sakhisizwe municipality (2,355 km²); it 
is located in the Chris Hani District in Eastern Cape Province. The main two towns 
in Sakhisizwe municipality are Cala and Elliot (Figure 3.3).  
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Figure 3.3. Map showing the location of the study area; (a) South Africa, (b) Eastern 
Cape Province, (c) Sakhisizwe municipality overlaid on SRTM digital elevation 
model, and the mean temperature and total precipitation in the two main towns in 
the municipality, (d) Cala, and (e) Elliot. 
Grasslands are a major component of the natural vegetation in South 
Africa, it covers almost one-third of the country’s land surface, with the biome 
comprising 295,233 km2 of the central region of the country. They extend across 
the boundaries of seven provinces, spanning a complex array of socio-economic 
situations and land use contexts. The interface between grasslands and other 
biomes contributes substantially to their floristic and faunal diversity and to the 
important role they play in the agricultural economy (Palmer and Ainslie, 2005). 
The importance of grasslands lies in several factors, including its use in the 
production of livestock, and grasslands’ role in maintaining biodiversity and soil 
erosion protection. Grasslands ecosystems support human, fauna and flora 
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populations by providing numerous goods and services, such as the provision of 
forage for livestock, wildlife habitats, and biodiversity conservation (White et al., 
2000, Figure 3.4). 
 
Figure 3.4. Field photographs in the study area showing; (a) different landforms, (b) 
different terrain and topography, (c) grassland fields, and (d) the surrounding habitats. 
2. Data Sources 
2.1. SAR Remote Sensing Data  
Two types of SAR data were used in this thesis. The first dataset belongs 
to ALOS PALSAR data with L-band, and the second dataset belongs to Sentinel-1 
SAR data with C-band. A brief introduction to each of them is presented in this 
section. Details of SAR data processing can be found in the next chapters. 
2.1.1. ALOS PALSAR Data  
The Phased Array L-band Synthetic Aperture Radar (PALSAR) is an active 
microwave sensor aboard the Advanced Land Observing Satellite (ALOS) and 
operates at L-band (~23.6 cm wavelength). It was launched in January 2006 and 
came to the end of its life after five years in May 2011 (JAXA, 2011). PALSAR was 
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operated in five different observation modes: Fine Beam Single-polarization 
(FBS), Fine Beam Dual-polarization (FBD), Polarimetric mode (POL), ScanSAR 
mode, and Direct Transmission (DT) mode (Rosenqvist et al., 2007, Figure 3.5).  
 
Figure 3.5. Different modes of ALOS PALSAR. 
Data used in this thesis was acquired in FBD mode (HH and HV), and FBS 
mode (HH), in an ascending orbit, with an off-nadir angle of 34.3°. Data were 
acquired in a slant range single-look complex format (SLC, L1.1). Each scene 
covers an area of approximately 60 × 70 km. Table (3.1) provides the specifications 
and technical details of the ALOS PALSAR dataset. 
Table 3.1. ALOS PALSAR mission specifications. 
Mission characteristic Information 
Duration 2006 - 2011 
Altitude 691.685 km 
Repeat cycle 46 days 
Polarization FBS (HH), FBD (HH/HV) 
           POL (HH/HV/VH/VV) 
Incidence angle FBS and FBD (34.3o) POL (21.5o) 
Swath width 30 km 
Pass direction Ascending 
Application Biophysical parameters retrieval 
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2.1.2. Sentinel-1 SAR Data  
Sentinel-1 is an imaging radar mission providing continuous all-weather, 
day-and-night imagery at C-band. It provides high reliability, improved revisit 
time, geographical coverage, and rapid data dissemination to support operational 
applications in the priority areas of land surface monitoring.  It carries a single 
C-band synthetic aperture radar instrument (5.405 GHz), and composed of a 
constellation of two satellites (S-1A and S-1B) to assure data continuity provided 
by the ERS-1/2 and ENVISAT satellites. Sentinel-1 operates in four image modes 
with various observation strategies, swath widths, and spatial resolutions; the 
Strip Map mode (SM), Interferometric Wide swath mode (IW), Extra Wide swath 
mode (EW), and Wave swath mode (WV) (Torres et al., 2012, Figure 3.6).  
 
Figure 3.6. Different modes of Sentinel-1. 
Interferometric Wide swath mode (IW) is the main acquisition mode over 
land and satisfies the majority of service requirements. It acquires data with 250 
km swath at 5 x 20 m spatial resolution and captures three sub-swaths using 
Terrain Observation with Progressive Scans SAR (TOPSAR) technique. IW SLC 
products contain one image per sub-swath and one per polarization channel, for 
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a total of three (single-polarization) or six (dual-polarization) images in an IW 
product. Each sub-swath image consists of a series of bursts, where each burst has 
been processed as a separate image. S1 data used in this thesis were acquired in 
the IW mode, SLC format, and dual-polarization VV/VH. Table (3.2) provides the 
specifications and technical details of Sentinel-1 SAR data. 
Table 3.2. Sentinel-1 SAR IW specifications. 
Mission characteristic Information 
Centre Frequency 5.405 GHz  
Polarization Dual HH+HV, VV+VH,  
Single HH, VV 
Repeat cycle 12 days with one satellite or 6 
days with two satellites 
Swath width 250 km 
Incidence angle range 29.1°- 46.0° 
Sub-swaths 3 
Pass direction Ascending and Descending 
2.2. Optical Remote Sensing Data 
In addition to SAR data, two main optical remote sensing datasets were 
used in this thesis; RapidEye (RE) with high resolution data, and Landsat-8 
Operational Land Imager (OLI). RapidEye data were used in the first case study, 
integrated with ALOS PALSAR data for mapping of mangroves extents on the 
Red Sea coastline, while Landsat-8 were used in the second case study, combined 
with Sentinel-1 SAR data for monitoring of grasslands in Eastern Cape Province. 
This section provides more details about these two optical datasets. 
RapidEye (RE) is a commercial optical Earth observation mission that 
consists of a constellation of five satellites (Tyc et al., 2005). The sensors deliver 
high spatial resolution imagery with a ground sampling distance of 6.5 m at nadir. 
RapidEye data (3A product) were acquired from the RapidEye Science Archive 
(RESA) of the German Aerospace Centre (DLR). Table (3.3) provides the 
specifications and technical details of RapidEye data. 
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Table 3.3. RapidEye Satellite Sensor Specifications. 
Mission characteristic Information 
Number of satellites 5 
Orbit altitude 630 Km sun-synchronous orbit 
Sensor type Multi-spectral imager 
spectral bands Wavelength (nm) 
Ground sampling distance (nadir) 6.5 m 
Pixel size (ortho-rectified)  5 m 
Swath width  77 km 
Revisit time  Daily (off-nadir)/5.5 days (at nadir) 
 
Landsat-8 was launched on February 11, 2013, as a backup of Landsat-7 to 
ensure the continuity of data beyond the duration of the Landsat-7 mission. 
Initially named as Landsat Data Continuity Mission (LDCM), it was renamed 
later as Landsat-8. It has two sensors, namely Operational Land Imager (OLI) and 
thermal infrared sensor (TIS) onboard. Landsat-8 OLI data were used in this 
thesis. Landsat provides the longest continuous archive of optical satellite data 
for land surface mapping and monitoring. The launch of the Landsat-8, in 
particular, has brought new opportunities and a platform for continuity in optical 
remote sensing. Landsat-8 surface reflectance was used to calculate the 
Normalized Difference Vegetation Index (NDVI) (Tucker, 1979). Vegetation 
indices are less sensitive to image-to-image noise, viewing geometry, and 
atmospheric attenuation, making them particularly advantageous over 
reflectance products when using large area mosaics covering scenes spread over 
multiple paths, rows, and dates (Vermote et al., 2016).  
2.3. Ancillary data  
In addition to remote sensing data, other ancillary data were used in this 
thesis including; field data, climatic data, land cover maps, and digital elevation 
model (DEM). Field data were obtained through field expeditions carried out in 
the two main study areas; (a) on the Red Sea coastline for collecting data for the 
mangroves case study, and (b) in Eastern Cape Province, for collecting data for 
the grasslands case study, and for validation of the remote sensing data analysis. 
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During these expeditions, field measurements including; ground truth data with 
a corresponding description of the study sites were collected. In addition, 
identifying the main geographical features in the study area, as well as vegetation 
patterns, and species distribution. Fieldwork also included identifying the main 
classes within the mangroves ecosystem in the first case study, and identifying 
the different tenure systems in grasslands; communal and commercial grasslands 
in the second case study.  
Meteorological data covering the main study locations with communal 
and commercial grasslands, and the surrounded area in Eastern Cape Province, 
were obtained from the South African Weather Service Organization. In addition, 
precipitation information based on the Climate Hazards Group Infrared 
Precipitation with Station (CHIRPS) data were used in the current study. The 
CHIRPS product provides daily precipitation data for the quasi-global coverage 
of 50°N-50°S from 1981 to present (Funk et al., 2015). SRTM DEM data was used 
in the first case study to identify the potential mangrove areas based on the 
elevation. Land cover information covering the study area in the second case 
study was obtained based on the South African National Land-cover dataset for 
South Africa produced by GEOTERRAIMAGE (Graw et al., 2017). 
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Menz, G. 2018. Mapping mangroves extents on the Red Sea coastline in Egypt using 
polarimetric SAR and high resolution optical remote sensing data. Sustainability, 10, 646. 
 
ABSTRACT 
Mangroves ecosystems dominate the coastal wetlands of tropical and 
subtropical regions throughout the world. They are among the most productive forest 
ecosystems. They provide various ecological and economic ecosystem services. 
Despite of their economic and ecological importance, mangroves experience high 
yearly loss rates. There is a growing demand for mapping and assessing changes in 
mangroves extents especially in the context of climate change, land use change, and 
related threats to coastal ecosystems. The main objective of this study is to develop 
an approach for mapping of mangroves extents on the Red Sea coastline in Egypt, 
through the integration of both L-band SAR data of ALOS/PALSAR and high 
resolution optical data of RapidEye. This was achieved via using object-based image 
analysis method, through applying different machine learning algorithms, and 
evaluating various features such as spectral properties, texture features, and SAR 
derived parameters for discrimination of mangroves ecosystem classes. Three non-
parametric machine learning algorithms were tested for mangroves mapping; 
random forest (RF), support vector machine (SVM), and classification and regression 
trees (CART). As an input for the classifiers, we tested various features including 
vegetation indices (VIs) and texture analysis using the gray-level co-occurrence 
matrix (GLCM). The object-based analysis method allowed clearly discriminating the 
different land cover classes within the mangroves ecosystem. The highest overall 
accuracy (92.15%) was achieved by the integrated SAR and optical data. Among all 
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classifiers tested, RF performed better than other classifiers. Using L-band SAR data 
was beneficial for mapping and characterization of mangroves growing in small 
patches. The maps produced represents an important updated reference suitable for 
developing a regional action plan for conservation and management of mangroves 
resources along the Red Sea coastline.  
Keywords: Mangroves mapping, Pol-SAR, ALOS PALSAR, RapidEye, Red Sea. 
1. INTRODUCTION 
Mangroves are highly productive ecosystems located in the intertidal 
tropical and sub-tropical regions. They act as buffer zones between terrestrial and 
marine ecosystems, and therefore, play an important role in the functioning of 
adjacent ecosystems, such as salt marshes, seagrass beds, and coral reefs (Spalding 
et al., 1997). Mangroves support the conservation of biological diversity by 
providing habitats, nurseries, and nutrients for a number of animals and marine 
organisms (Barbier and Sathiratai, 2004). They are considered of great ecological 
importance in coastlines stabilization, reduction of coastal erosion, sediment, and 
nutrient retention, flood and flow control, and water quality (Giri et al., 2007; 
Gedan et al., 2011; Vo et al., 2013). They are also of high economic importance and 
often provide valuable ecosystem goods and services for local communities 
(Walters et al., 2008).  
Despite of their economic and ecological importance, mangroves experience 
high yearly loss rates of 1–2% (Beaumont et al., 2011; Feller et al., 2010). High 
population pressure in coastal areas has led to the conversion of many mangroves 
areas to other uses, and numerous case studies described mangroves' losses over 
time (FAO, 2007). Among the reasons for this loss are over-exploitation, 
unsustainable wood extraction; conversion by urbanization, aquaculture; and 
alteration of the hydrological system (Hogarth, 1999; Lacerda, 2001). In addition, 
long-term climatic change and the different interacting effects associated with 
global temperature increase and sea-level rise are deemed as a global hazard to 
mangroves (Gilman et al., 2008). Degradation and loss of these coastal buffering 
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systems due to climate change and direct human impacts contradict the coastal 
protection they provide and increase their vulnerability, with significant 
environmental, economic and social consequences for indigenous people in the 
coastal areas (Ellison, 2015).  
Mangroves in Egypt represent the northern latitudinal limits of the Endo-
Pacific East African mangroves. Due to the area’s extreme environmental 
conditions (high salinity, low rainfall, and extreme temperatures), the trees are 
generally stunted, rarely exceeding five meters in height (FAO, 2007). They are 
found scattered along the Red Sea coastline, and their usual habitat is shallow 
water, such as lagoons, or sand bars parallel to the shoreline. Two of the four 
mangrove species known to occur in the Red Sea were recorded in Egypt; 
Avicennia marina (Forssk.) Vierh, and Rhizophora mucronata (Galal, 1999).  
There is a growing demand for integrated assessment to address the risk 
on mangroves ecosystems, especially in the context of climate change, sea-level 
rise, and related threats to coastal ecosystems. Therefore, mapping and retrieval 
of up-to-date information regarding the extent and conditions of mangroves are 
essential for conservation and sustainable management of mangroves ecosystems 
on the Red Sea coastline. Mapping of mangroves requires frequent and spatially 
detailed assessments; such information can be prohibitively expensive to be 
collected directly. Remote sensing is the most appropriate tool for mapping and 
assessment of mangroves, due to its ability to capture high spatio-temporal 
variability over large geographical scales (Archibald and Scholes, 2007). Remote 
sensing provides a fast, cost-effective, and efficient methods for mangroves 
mapping, it is particularly useful since many mangroves extents are located in 
remote areas, where field measurements are difficult, time-consuming, and 
expensive (Held et al., 2003). Remote sensing data offers many advantages in this 
respect and has been used in several studies for mangroves mapping (Green et al., 
1996). However, the accuracy of the mangroves maps is affected by the ability of 
the classification procedure to discriminate between various elements and 
vegetation types in the mangroves ecosystem, which is partly a function of the 
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sensors’ resolution, and the image processing method or classification procedure 
adopted. This gap remains to be addressed to be able to produce more accurate 
spatially explicit information based on remote sensing data to eventually support 
the sustainable management of mangroves ecosystems.  
A variety of sensors and image processing methods have been used in the 
remote sensing of mangroves, such as SPOT (Système Pour l’Observation de la 
Terre) (Jensen et al., 1991; Rasolofoharinoro et al., 1998) and Landsat Thematic 
Mapper (TM) (Long and Skewes, 1996; Green et al., 1998). Since mangroves along 
the Red Sea coastline often grow in narrow small patches, high resolution 
remotely sensed data are required to capture the newly colonized individual 
stands or relatively small patches of mangroves stands that cannot be captured 
with medium spatial resolution satellite data e.g., Landsat imagery. High 
resolution data provide opportunities for mangroves mapping and interpretation, 
as well as it can be used to recognize, identify, and delineate mangroves at the 
individual tree level (Neukermans et al., 2008).  
Object-based image analysis (OBIA) is a suitable approach for the 
classification of high resolution satellite images, it allows extraction of meaningful 
objects, rather than single pixels during image segmentation because the spectral 
response of individual pixels no longer represents the characteristics of a target of 
interest e.g., tree canopies (Blaschke, 2010; Ke et al., 2010). OBIA involves the 
identification of homogeneous groups of pixels that have similar spectral and/or 
spatial characteristics (Hay and Castilla, 2008). In addition, the object-based image 
analysis offers various advantages of using spectral characteristics, texture, shape, 
and context information with adjacent image objects that can be used in the 
mapping of mangroves extents (Liu et al., 2006). 
Although there are many advantages of using optical remote sensing data 
for mapping of mangroves, a major limitation is the availability of cloud-free 
scenes, which stimulates usage of other remote sensing datasets, such as the 
Synthetic Aperture Radar (SAR) data, and its more advanced operational mode 
polarimetric SAR (PolSAR) for mapping and characterization of mangroves 
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extents. Several studies have demonstrated the potential of SAR data for mapping 
of mangroves indicating that SAR-based methods can potentially outperform the 
optical remote sensing data especially in the tropical areas, where cloud coverage 
restrain application of optical satellite images (Almeida-Filho et al., 2009; 
Hoekman et al., 2010; Häme et al., 2009).  
SAR sensors are particularly used for woody structural mapping, because 
of their capacity to capture within-canopy properties (Le Toan et al., 2011; Sun et 
al., 2011; Santoro et al., 2007), and lack of sensitivity to cloudy conditions. L-band 
SAR provided by the Advanced Land Observing Satellite (ALOS) Phased Array 
L-band Synthetic Aperture Radar (PALSAR) has been proven to be the most 
effective in forests mapping and characterization (Mitchard et al., 2011; Carreiras 
et al., 2013; Naidoo et al., 2015) due to the high penetration of L-band into the 
canopy. L-band SAR data have been shown to be useful for mangroves mapping 
as a function of structural differences between species and growth stages (Lucas 
et al., 2007). Using SAR data in the mapping of mangroves is challenging because 
of the complexity of the backscatter signal received from mangroves ecosystems. 
Different bands of radar backscatter are affected differently by the interactions 
between the transmitted signal and biophysical properties of mangroves, such as 
size, geometry, orientation of leaves, trunks, branches, different types of roots, 
and the moisture content of both mangroves trees and the underlying soil (Lucas 
et al., 2007; Aslan et al., 2016).  
The main objective of this study was to develop an approach for mapping 
of mangroves extents on the Red Sea coastline through the integration of both L-
band SAR data of ALOS/PALSAR and high resolution optical data of RapidEye. 
We applied the object-based image analysis method and assessed different 
machine learning algorithms, as well as evaluated various input features for 
discrimination of mangroves ecosystem classes in the study area. The performed 
tests allowed to produce accurate mangroves maps in the study area as well as to 
make recommendations on the suitability of remote sensing data and selection of 
the classification methods for accurate mangroves mapping. This information is 
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important for the development of a regional action plan for conservation and 
management of mangroves resources along the Red Sea coastline as well as could 
be applied for similar applications worldwide. 
2. MATERIALS AND METHODS  
2.1 Study area 
Wadi Lehmy stand is located on the Red Sea coastline in Egypt (latitude 
24◦130, longitude 35◦250, Figure 4.1). It is one of the few mangroves stands 
growing along the Red Sea coastline. The study area is divided into three main 
units: The Red Sea Mountains, the coastal plain, and the Red Sea coast. The coastal 
plain reaches in width from 15 to 25 km, and it is made of undulating sand and 
gravels that separates the mountainous range from the Red Sea coast. Mangroves 
grow in small patches along the Red Sea coast. As halophytes, mangroves thrive 
well in saline water, but require fresh water to a certain extent in order to maintain 
an optimum salinity balance and to get nutrients, which explains why mangroves 
grow on the mouths of wadis (seasonal riverbeds), where suitable sediments and 
sources of freshwater allow the mangroves to grow in a high-saline substrate 
frequently inundated by seawater.  
Wadi Lehmy stand is dominated by Avicennia marina; it is a tolerant species 
to the relatively high salinity, low rainfall and high-temperature conditions 
(Zahran and Willis, 2009). Avicennia grows on a sandy substrate at the mouth of 
W. Lehmy, surrounding a shallow lagoon. The trees have developed 
morphological, physiological and reproductive adaptations to the high salinity of 
the swamp. Climatologically, the Egyptian Red Sea coast, which supports the 
distribution of mangroves, belongs to the category of warm coastal deserts. The 
climate of Ras Banas in the south shows an annual mean of the minimum and 
maximum temperature of 19.1 ◦C and 32.4 ◦C with an annual mean of 17.4 mm 
year−1 rainfall. 
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Figure 4.1. (a) Location of the study area on the Red Sea coastline in Egypt; (b) the 
study area overlaid on SRTM digital elevation model, and footprints of the remote 
sensing data used in this study; FBD: fine beam dual-polarization, FBS: fine beam 
single-polarization, RE: RapidEye, and WV-1: WorldView-1; and (c) subset of the RE 
image showing W. Lehmy stand. 
2.2. Remote Sensing Data 
This work is based on the integration of three different remote sensing 
datasets; SAR data provided by ALOS/PALSAR, high resolution optical data of 
RapidEye, and very high resolution data of WorldView-1. ALOS/PALSAR data 
used in this work was acquired at L-band (~23.6 cm wavelength), in a fine-beam 
dual-polarization mode (HH and HV), and fine-beam single polarization mode 
(HH), in an ascending orbit, with an off-nadir angle of 34.3°. Data were acquired 
in a slant range single-look complex format (SLC, L1.1) acquired on 22 June 2007. 
Each scene covers an area of approximately 60 × 70 km.  
RapidEye is a commercial optical Earth observation mission that consists 
of a constellation of five satellites (Tyc et al., 2005). The sensors deliver high spatial 
resolution imagery with a ground sampling distance of 6.5 m at nadir. RapidEye 
image was acquired on 25 February 2015. It is a 3A product from the RapidEye 
(b) 
(c) 
(a) 
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Science Archive (RESA) of the German Aerospace Centre (DLR). At this 
processing stage, the image was already radiometrically and geometrically 
corrected for sensor related issues and aligned to a cartographic map projection 
(WGS 1984/UTM zone 36N) (Wegmüller, 1999). WorldView-1 data with 0.5 m 
spatial resolution was acquired on 21 November 2015, the image was 
radiometrically and geometrically corrected. Our focus in the current study was 
on SAR data availability, particularly L-band; therefore, there is an unavoidable 
time of eight years between the acquisition times of PALSAR data and the optical 
data, assumed to be insignificant for observation and mapping of mangroves as 
woody vegetation (Santini et al., 2013). 
ALOS/PALSAR images were pre-processed from the SLC format 
according to the following steps; (a) SAR images for a given acquisition mode 
(FBD) were co-registered using a cross-correlation algorithm (Wegmüller, 1999); 
(b) each SLC image was then calibrated to convert the DN values to radar 
backscatter coefficients (σ°) in decibels (dB) using the following formula (Shimada 
et al., 2009):  ( ) = 10 × log  ( ) − 83.4,              (1)  
where DN is the image pixel digital number measured in the SAR image, and 
−83.4 is the calibration factor of ALSO/PALSAR data; (c) multi-looking was 
carried out using mode-specific factors aiming at achieving roughly squared 
pixels of 12.5 m in range and azimuth (Shimada et al., 2009; Maurizio et al., 2015), 
followed by subset of the obtained backscatter images to the boundaries of the 
study area; (d) 5 × 5 Lee filter was applied to the images to reduce the effect of 
speckle noise, Lee filter was selected because it preserves polarimetric 
information (Lee et al., 1999); (e) H/A/Alpha polarimetric decomposition 
parameters were extracted based on eigenvector decomposition of the (2 × 2) 
complex covariance matrix [C2] (Cloude and Pottier, 1997; Pottier et al., 2009) to 
be used along with the other derived SAR parameters for mangroves mapping; 
(f) terrain-correction was carried out to remove the effect of geometric distortions, 
such as foreshortening, layover, and shadow; and (g) geocoding of the images to 
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the UTM projection (zone 36N and WGS-84 datum) using SRTM Digital Elevation 
Model (DEM) using Sentinel application platform (SNAP) V5.0 toolbox provided 
by European Space Agency (ESA). In addition to HH and HV, the ratio HV/HH, 
total power HV + HH and difference HV − HH were calculated. Finally, the HH, 
HV polarizations and all the derived parameters were stacked to one multi-
layered image for further analyses. 
In addition to remote sensing data, other ancillary data were used in the 
current study including the SRTM DEM data, it was used to identify the potential 
mangrove areas based on the elevation, mangroves normally survive in the 
intertidal zones; therefore, SRTM could be used to identify the potential 
mangrove areas (Treuhaft et al., 2004). 
2.3. Data Analysis 
Following image pre-processing, various procedures were performed to 
prepare the multi-sensor with multi-resolution input bands alongside with the 
derived and calculated features and parameters of both SAR and optical data for 
the subsequent analysis and categorization for mangroves mapping and 
characterization.  
Two different methods were used to combine information from the remote 
sensing datasets used in the current study. The first method is data fusion; it 
combines information from multi-source images to obtain a new image with more 
information that can be separately derived from the original images (Pohl and 
Van Genderen, 1998; Amarsaikhana et al., 2010; Ehlers et al., 2010). This method 
was used to combine the optical data of RapidEye image with a five-meter spatial 
resolution, and the Worldview-1 image with 0.5 m spatial resolution, to enhance 
the visual interpretation and improve the quantitative analysis performance of 
both datasets for mangroves mapping. Several data fusion techniques have been 
tested including; the intensity-hue-saturation (IHS), Brovey transformation, Gram 
Schmidt fusion, and Ehlers fusion techniques (Pohl and Van Genderen, 1998; Benz 
et al., 2004; Lang, 2008; Amarsaikhana et al., 2010; Ehlers et al., 2010), the IHS 
method was applied in this study for preserving the multispectral characteristics 
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and improving the spatial features in the output. The second method is data 
integration, it combines images in different layers algorithmically, without 
creating a new set of images (Pohl and Van Genderen, 1998; Amarsaikhana et al., 
2010). It was applied to combine both SAR data of ALOS/PALSAR and optical 
data of RapidEye to investigate the potential of the integrated SAR and optical 
data for mapping of mangroves, while optical data represent the reflective 
properties of ground cover, SAR data are sensitive to the shape, roughness and 
moisture content of the observed objects (Figure 4.2). 
 
Figure 4.2. Remote sensing data covering the study area (a) WorldView-1 image; 
(b) RapidEye image (RGB); (c) Pan-sharpened RapidEye image (NIR, R, G); and (d) 
dual-polarization ALOS/PALSAR data in RGB (HH, HV, HV/HH). 
2.4. Field Data 
Field data were obtained from a field expedition carried out in the study 
area in June 2013. During this expedition, field measurements including; ground 
truth data (GPS points) with a corresponding short description were collected 
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randomly to determine topographic reference points, and the main geographical 
features in the study area, as well as vegetation patterns, species distribution, and 
identification of the mangroves ecosystem classes (Figure 4.3). Five classes were 
identified within the mangroves ecosystem in the study area, these classes are; 
mangroves (MV), water (WT), intertidal zone (TZ), waterlogged areas (WG), and 
coastal plain (CP). Additionally, apart from the GPS-based sampling, the higher 
resolution optical data were utilized for ground-truthing purposes especially 
within the mangroves swamps and remote areas that were not accessible during 
the field work (Figure 4.4).  
 
Figure 4.3. (a) RapidEye image showing mangroves extent at W. Lehmy stand on 
the Red Sea coastline, and (b–f) Field photographs collected during the fieldwork 
in the study area, showing the mangroves ecosystem and the surrounding habitats. 
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Figure 4.4. Distribution of the sampling points overlaid on the 
pan-sharpened RapidEye image. 
2.5. Object-Based Image Analysis and Feature Extraction 
An Object-oriented approach was applied in this study for mapping of 
mangroves extents. This approach is based on classifying objects that are 
delineated as homogeneous units with similar spectral characteristics, called 
segments. Segmentation provides the building blocks of the object-based image 
analysis (Hay and Castilla, 2008; Lang, 2008). This approach is suitable for 
classification of high resolution satellite images, as it allows the extraction of 
meaningful objects, rather than classifying individual pixels (Blaschke, 2010). 
Segmentation enables the acquisition of a variety of spectral, spatial, and textural 
features, resulting in improved classification accuracy (Baatz and Schäpe, 2000; 
Benz et al., 2004).  
Image pixels of the optical and SAR data with relative homogeneity were 
clustered using the multi-resolution segmentation algorithm MRS (Xiaoxiao et al., 
2014) in eCognition Developer V9 (Definiens, 2009). MRS is an ascending area-
merging technique where smaller objects are progressively merged into larger 
objects controlling the advancement in heterogeneity based on three user-defined 
parameters: scale, shape, and compactness (Laliberte et al., 2007). Scale parameter, 
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which regulates the size and homogeneity of image objects (Marceau, 1999), was 
adjusted until the obtained image objects visually represented the features of 
interest (canopy cover of mangroves trees). All layers were given equal 
importance in the segmentation settings, except NIR Infrared, and Red bands, 
which received double weighting to increase their response signal to vegetation 
greenness. A bottom-up, region-growing segmentation approach was used to 
produce consistent results across the relatively heterogeneous study area (Münch 
et al., 2017). Figure (4.5) provides an overview of the entire approach adopted in 
this study. 
 
Figure 4.5. Flowchart of the proposed methodology, WV-1: WorldView-1 data, 
VIs: Vegetation Indices, RF: Random forest, SVM: Support-vector machine, and 
CART: classification and regression trees. 
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Several object-based features can be calculated and extracted in eCognition 
and applied during the classification procedure. In this study, various features 
were extracted, including vegetation indices (VIs), principal component analysis 
(PCA) (Taylor, 1977), and gray-level co-occurrence matrix (GLCM) (Haralick et 
al., 1973). VIs and PCA are widely used for the retrieval of vegetation structure as 
well as land cover classification (Hurni et al., 2013). We have selected the following 
VIs (Table 1): The Normalized Difference Vegetation Index (NDVI), Green 
Normalized Difference Vegetation Index (gNDVI), Enhanced Vegetation index 
(EVI2), Soil-adjusted Vegetation Index (SAVI), and Modified Soil-adjusted 
Vegetation index (MSAVI). NDVI was selected to separate mangroves from other 
non-vegetated areas. To address the limitations of NDVI that is affected by soil 
brightness (Carlson and Ripley, 1997) and saturates in high biomass areas (Huete 
et al., 2002; Wang et al., 2002), EVI2 was calculated as it shows greater sensitivity 
to vegetation and reduces atmospheric effects on vegetation index values (Huete 
et al., 2002). SAVI (Haboudane et al., 2004) was computed as a corrective index on 
soil brightness for areas with low vegetation cover and exposed soil surface. The 
brightness algorithm was calculated to represent the reflectance intensity of bare 
rocks and soils among other features sharing similar spectral radiance (Kauth and 
Thomas, 1976; Schönert et al., 2014). 
GLCM texture measures make use of grey-tone spatial dependence matrix 
to quantify texture features. The GLCM expresses texture in a user-defined kernel 
size and considers the spatial co-occurrence of pixel grey levels (Dorigo et al., 
2012). A kernel size of 7 × 7 was applied to avoid exaggeration of variations with 
smaller kernel size, or inefficient quantification of texture because of smoothing 
with larger kernel size (Lu and Batistella, 2005). In addition to the mean (MEN) 
and variance (VAR), other texture features were also computed for each band 
including: homogeneity (HOM), contrast (CON), entropy (ENT), dissimilarity 
(DIS), correlation (COR), and second moment (SEC) as shown in Table (4.1). 
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Table 4.1. Vegetation indices, and texture features used in this study. 
 
Backscattering characteristics of mangroves were investigated using the 
HH, and HV polarizations offered by the FBD mode of ALOS/PALSAR data, and 
their polarimetric parameters were retrieved. Decomposition features of, co-, and 
cross-polarized SAR data were retrieved according to the Alpha-Entropy 
decomposition proposed by Cloude and Pottier (Cloude and Pottier, 1997), 
including; entropy (H), anisotropy (A), and alpha angle (α), and the class 
separability offered by their different feature spaces were analyzed. GLCM 
texture measures were applied also for the SAR bands and their derived 
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parameters to evaluate their influence on the classification of mangroves 
ecosystem. Extracted and calculated features were then evaluated to determine 
the importance of the predefined variables of both SAR and optical data for 
distinguishing between the different classes in the mangroves ecosystem. 
2.6. Image Classification 
Three classification scenarios were applied in the current study; 
Scenario 1 (GA) used only optical images information with the five 
multispectral bands of RapidEye (blue, green, red, red-edge, and near-
infrared) and its calculated features and indices including VIs, PCA as well as 
texture GLCM features. Scenario 2 (GB) used all the available features from 
ALOS/PALSAR data; SAR bands and SAR derived parameters including 
PolSAR and decomposition parameters, as well as the texture GLCM features. 
Scenario 3 (GC) integrated both optical and SAR data as well as the calculated 
and derived features, parameters and texture of both datasets to examine the 
potential of the integrated optical and SAR data in mapping of mangroves 
extents. Table (4.2) show the three proposed scenarios with different 
categories, datasets, and selected features and combinations. 
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Table 4.2. Proposed scenarios for the classification schemes using optical data of 
RapidEye, SAR data of ALOS/PALSAR, and the integrated optical and SAR data. 
Category Datasets Selected Features and Combinations 
GA 
GA1 Spectral bands B, G, R, Red Edge, and NIR 
GA2 Spectral bands, VIs, and PCA B, G, R, Red Edge, NIR, VIs, pc1, and pc2 
GA3 Spectral bands, VIs, PCA, and 
texture 
B, G, R, Red Edge, NIR, VIs, pc1, pc2, and 
texture 
GB 
GB1 SAR bands HH and HV 
GB2 SAR bands, PolSAR parameters, 
and GLCM texture 
HH, HV, HV/HH, HV + HH, HV − HH, H, 
A, α, and GLCM texture 
GC 
GC1 Spectral bands, and SAR bands B, G, R, Red Edge, NIR, HH, and HV 
GC2 Spectral bands, VIs, SAR bands, 
and PolSAR parameters 
B, G, R, Red Edge, NIR, VIs, HH, HV, 
HV/HH,  HV + HH, HV − HH, H, A, and α 
GC3 Spectral bands, SAR bands, and 
PolSAR parameters 
B, G, R, Red Edge, NIR, HH, HV, HV/HH, 
HV + HH, HV − HH, H, A, and α 
GC4 Spectral bands, VIs, and SAR 
bands 
B, G, R, Red Edge, NIR, VIs, HH, and HV 
GC5 Spectral bands, VIs, SAR bands, 
PolSAR parameters, and texture 
B, G, R, Red Edge, NIR, VIs, HH, HV, 
HV/HH,  HV + HH, HV − HH, H, A, α, 
and GLCM texture 
GA: optical data; GB: SAR data; GC: integrated optical and SAR data; PCA: principle 
components; B: blue; G: Green; R: Red; NIR: near infrared; PolSAR: Polarimetric SAR; VIs: 
vegetation indices; H: entropy; A: anisotropy; and α: alpha angle. 
Because of the variability of the data proposed in the classification schemes 
(Table 4.2), a comparison of machine learning algorithms was conducted for 
choosing suitable classification algorithms. We evaluated three different non-
parametric classifiers: random forest (RF), support vector machines (SVM), and 
classification and regression trees (CART). RF is a machine ensemble approach 
that makes use of multiple self-learning decision trees to parameterize models and 
use them for estimating categorical or continuous variables (Gislason et al., 2006). 
SVM is a non-parametric statistical learning approach, which can resolve complex 
class distribution in high dimensional feature spaces (Vapnik, 1982). SVM 
algorithms discriminate the classes by fitting an optimal separating hyperplane 
(OSH) between classes using the training samples within feature space and to 
maximize the margins between OSH and the closest training samples (Foody, 
2004; Van Der Linden and Hostert, 2009). The points lying on the boundaries are 
called support vectors and the middle of the margin is the OSH (Meyer, 2014). 
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CART is increasingly being used for analysis and classification of remotely sensed 
data. It has been used successfully for the classification of multispectral imagery 
(Friedl and Brodley, 1997; Lawrence and Wright, 2001), incorporation of ancillary 
data with multispectral imagery for increased classification accuracy (Foody, 
2002), and change detection analysis (Rogan et al., 2003). 
2.7. Accuracy Assessment 
Accuracy assessment was carried out for the classified images using the 
high spatial resolution pan-sharpened RapidEye image to check the 
correspondence of the produced classes to real objects in the study area. If the 
results were not satisfactory, the classification was improved by selecting 
more features for better separation of the different classes of mangroves 
ecosystem. During the training of the classifiers, there was an independent test 
set for the classification accuracy. Tuning of the classifiers was carried out in a 
systematic way to identify the most suitable tuning parameters; the number of 
trees built in the forest (ntree), and the number of possible splitting variables 
for each node (mtry). Finally, a statistical accuracy assessment was conducted 
using a confusion matrix. The accuracy assessment was carried out through 
splitting the data into 70% for the training of the classifiers, and the other 30% 
for testing the classification results (Rogan et al., 2003; McCoy, 2005). The 
parameters of overall accuracy, producer accuracy, user accuracy, and Kappa 
coefficient (Congalton and Green, 1999) were derived from the confusion 
matrix and used for the accuracy assessment of the classified images. 
3. RESULTS 
3.1. Backscattering Characterization and Parameters Description 
Mean backscattered coefficients were identified for the five main land-
cover types of the mangroves ecosystem in the study area: mangroves (MV), 
water (WT), intertidal zone (TZ), waterlogged areas (WG), and coastal plain (CP). 
Table (4.3) shows the variation of backscattering coefficients for each class at 
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different polarizations HH and HV. It was observed that the class of water (WT) 
showed the lowest backscattered intensities. The majority of the pixels lying in 
the range from −26.54 dB to −18.59 dB and from −29.40 dB to −25.96 dB from both 
HH and HV respectively, a smooth water surface results in no scattering back to 
the sensor in both HH and HV polarizations. Coastal plain (CP) also showed low 
backscattered values but slightly higher than WT due to the involvement of soil 
surface roughness. While higher values were observed in dense homogenous 
mangroves cover (MV) −8.19 dB and −16.86 dB for both polarizations HH and HV 
respectively. HV backscattered is closely correlated with mangroves structure and 
above-ground biomass, with HV reaching higher σo values due to higher 
sensitivity to volumetric scattering influenced by the random distribution of 
branches and leaves. The intertidal zone (TZ) and waterlogged areas also showed 
high backscattering values (WG). Reflections between the vertical aerial roots of 
mangroves and the water surface of the flooded intertidal zone can result in a 
strong HH backscatter (Table 4.3). 
Table 4.3. Backscatter statistics of PALSAR data for each of the five classes in the 
mangroves ecosystem. 
Class HH Backscattering (dB) HV Backscattering (dB) 
 Range Mean SD Range Mean SD 
WA −26.54 to −18.59 −23.66 2.15 −29.40 to −25.96 −28.04 1.07 
MV −10.98 to −05.72 −8.19 1.35 −20.37 to −14.60 −16.86 1.18 
TZ −18.77 to −15.51 −16.10 3.36 −27.96 to −24.99 −26.38 0.65 
WG −18.67 to −15.30 −17.15 1.14 −28.81 to −26.68 −27.77 0.55 
CP −24.27 to −20.58 −22.46 0.94 −29.11 to −27.44 −28.26 0.48 
The Alpha-Entropy decomposition was generated from eigenvalues-based 
target decomposition (Figure 4.6). The different classes of mangroves ecosystem 
overlap each other showing predominantly surface scattering with moderate 
alpha values and relative high entropy values in the dual-polarization mode. 
Volume scattering characterizes the mangroves' stand with higher biomass values 
and multiple canopies. The low values of alpha represent surface scattering 
characterizing the plane surfaces found in WA and CP classes (Figure 4.6). 
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Figure 4.6. (a) H-Alpha plane plot of Cloude–Pottier decomposition; and (b) 
Entropy of the entire scene as retrieved from ALOS/PALSAR data, the square 
box highlights the location of mangroves stand. 
3.2. Segmentation and Feature Extraction  
The pan-sharpened RapidEye image (Figure 4.7a) achieved the best 
segmentation results and produced fine units (Figure 4.7b). Shape and 
compactness were weighted at 0.1 and 0.5, respectively, and scale was set to five 
due to land cover heterogeneity in the study area. The segments were relatively 
well divided where mangroves appeared on the coastline. This is because the pan-
sharpened RapidEye image has the highest spatial resolution compared to the 
other optical and SAR data used in this study, and at the meantime keeping the 
spectral information of the RapidEye multi-spectral image, while the 
segmentation of SAR data did not divide the vegetation units into many details 
despite using the same parameter settings. Furthermore, since SAR data contain 
speckle noise, using SAR imagery for segmentation resulted in obtaining objects 
that do not correspond to real-world objects (Figure 4.7). 
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Figure 4.7. (a) Pan-sharpened RapidEye image used for segmentation; (b) the results of 
segmentation at [0.1, 0.5, and 5] for shape, compactness, and scale parameters; (c) using 
the object-feature (NIR band) for mangroves feature extraction; and (d) delineation of 
the canopies of mangroves trees in the study area on the Red Sea coastline based on the 
selected segmentation parameters and extracted object-feature. 
3.3. Classification Results and Accuracy Assessment 
Table (4.4) provides a summary of the classification results achieved for all 
data categories; classification of optical data, classification of SAR data, and 
classification of the integrated SAR and optical data. In category GA (optical data 
only), the highest overall accuracy achieved was 86.78% in subgroup GA1. The 
addition of the derived features VIs and PCA to the spectral bands improved the 
overall accuracy to 89.26% in subgroup GA2. This shows the influence of the 
derived features (VIs and PCA) on improving the classification accuracy. 
Classification results indicate that high resolution optical data of RapidEye has 
the potential to categorize land cover classes within the mangroves ecosystem 
efficiently (Table 4.4, Figure 4.8).  
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Table 4.4. Classification Overall accuracies and Kappa coefficient of the classified 
datasets based on RF, CART, and SVM classifiers. 
Categories Subgroups 
Overall Accuracy (OA) % Kappa Coefficient (K) % 
RF CART SVM RF CART SVM 
GA 
(Optical data) 
GA1 86.78 74.42 60.33 83.44 68.14 50.73 
GA2 89.26 83.72 74.79 86.57 79.68 68.63 
GA3 82.23 26.03 76.45 77.86 9.02 70.63 
GB 
(SAR data) 
GB1 59.92 53.31 38.43 50.15 42.71 21.19 
GB2 69.83 54.65 45.04 62.21 44.36 32.31 
GC 
(Integrated 
optical and 
SAR data) 
GC1 74.42 63.95 75.97 68.28 54.74 70.23 
GC2 84.71 68.18 80.23 80.89 60.62 75.29 
GC3 92.15 88.43 62.02 90.18 85.53 52.32 
GC4 87.60 84.11 52.71 84.55 80.04 38.83 
GC5 84.30 78.10 79.25 80.42 72.78 74.04 
 
 
 
Figure 4.8. (a) Classification Overall accuracies; and (b) Kappa coefficient, 
of the classified categories based on RF, CART, and SVM classifiers. 
(a) 
(b) 
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In category GB (SAR data only), the overall accuracy of the RF, CART, and 
SVM classifications with SAR inputs were 59.92%, 53.31%, and 38.43% 
respectively in subgroup GB1, and improved to 69.83%, 54.65%, and 45.04% 
respectively in subgroup GB2 after using PolSAR parameters and texture feature 
derived from both polarizations (Table 4.4, Figure 4.8). 
In category GC (integrated SAR and optical data), the results obtained in 
this category indicated that the average overall classification accuracies of the data 
in subgroups GC1–GC5 ranges between 74% and 92% using RF classifier. SAR 
derived parameters combined with derived features of optical data improved the 
classification accuracy as indicated in subgroup GC2. The highest overall 
classification accuracy was achieved in subgroup GC3 based on the integration of 
SAR backscattering and PolSAR parameters, with surface reflectance of the 
optical data (92.15%). These results indicate that separability tends to increase, 
and an improvement in terms of classification accuracy could be achieved when 
SAR backscattering and SAR derived parameters combined with the surface 
reflection of optical data. The use of VIs in GC2 and GC4, and texture feature in 
GC5 slightly improved the accuracy to 84.71%, 87.60%, and 84.30% respectively 
(Figure 4.8). In general, results of the classification of the three datasets and their 
accuracy assessment indicated that the derived vegetation indices improved the 
classification accuracy of the optical dataset in GA, similarly, in SAR dataset GB 
the accuracy increased after including the derived PolSAR parameters and texture 
feature into the SAR backscattering. The integrated SAR and optical datasets 
achieved the highest overall accuracies, and the addition of PolSAR parameters 
and texture feature improved the accuracy as shown in (GC3), and (GC5) 
respectively (Figure 4.8).  
Figure (4.9) shows the producer’s accuracy (PA) and user’s accuracy (UA) 
based on RF, CART and SVM classifications. Based on the producer’s accuracy; 
the class (MV) achieved the highest accuracy of more than 90%, followed by the 
class of (WA), and the lowest producer’s accuracy achieved by the class (WG). 
Regarding to the user’s accuracy, the class (WA) achieved the highest accuracy of 
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more than 90%, followed by the class (CP), and the lowest user’s accuracy of less 
than 70% achieved by the class (MV). 
 
 
Figure 4.9. (a) Producer’s accuracies PA%; and (b) User’s accuracy UA% for 
different mangroves ecosystem classes based on RF, CART and SVM 
classifications. 
We compared the performance of the three machine learning classifiers 
used in the current study, RF achieved the highest overall classification accuracy 
(92.15%) followed by CART with 88.43%, and SVM with 80.23%. Similarly, for the 
kappa coefficient, RF achieved the highest kappa 90.18% at GC3, while CART and 
SVM achieved 85.5% and 75.3% at GC3 and GC2, respectively. The highest 
performance was achieved using the integrated SAR and optical data (GC), the 
RF increased significantly the accuracy compared to CART and SVM. For SAR 
data (GB), RF increased the accuracy in the range of 9.91% compared to SVM in 
(a) 
(b) 
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the range of 6.61% and CART in the range of 1.34% (Table 4.4). We calculated the 
variable importance for the different variables evaluated in the current study. Of 
all variables of optical data, the vegetation indices, particularly gNDVI was found 
to be the most valuable for class discrimination, while in SAR data, SAR band VH 
contributed to better class separation. Classification results displaying the 
distribution of the different land cover classes over the study area, and mapping 
the mangroves extents are presented in Figure (4.10). The map was produced 
using the integrated SAR and optical dataset. 
 
Figure 4.10. (a) Classification output of the integrated SAR and optical dataset using 
RF classifier, displaying the different land cover classes of the mangroves 
ecosystem in the study area; (b) show the delineation of the canopies of the 
mangroves trees. 
4. DISCUSSION 
This study demonstrates how remote sensing of the polarimetric SAR data 
and high resolution optical data can be used for mapping of mangroves extents 
growing in small patches. In the current study, L-band SAR data of 
ALOS/PALSAR dual-polarization, and high resolution optical data of RapidEye 
were used for accurately mapping mangroves extents on the Red Sea coastline in 
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Egypt, showing the effectiveness of integrating different data types for mangroves 
mapping. 
We found that the integrated SAR and optical data achieved the highest 
accuracy in classifying the five land cover types in the mangroves ecosystem in 
the study area. The obtained accuracy value is similar to other classifications 
based on integrated SAR and optical data in African environments (Haack and 
Bechdol, 2000; Laurin et al., 2013). Data integration improved the classification 
accuracy by using different data sources to increase the dimensionality of the 
available information (Ramsey et al., 1998; Waleska et al., 2011; Lang and McCarty, 
2008). The integration of SAR and optical data has been shown to be a good 
strategy for overcoming the limitations of the optical data, including the 
availability of cloud-free scenes, and also coping with the limitations of SAR data 
for single-date information. Our findings are in agreement with (Waleska et al., 
2011), they mapped 8 classes of land cover near the mouth of the Amazon River 
using supervised classification of Landsat ETM and a merged ETM–SAR product. 
The integrated product increased the accuracy and provided additional 
information, permitting a more efficient identification and mapping of tropical 
coastal wetlands.  
Random Forest classifier achieved the highest accuracy brought in an 
improvement in the results with respect to other used classifiers. In certain 
studies, SVM and RF achieved similar performance (Ghosh et al., 2014), in other 
studies, SVM classifier outperforms RF classifier (Burai et al., 2014). Unlike the 
traditional and fast learning decision trees CART, RF is insensitive to small 
changes in the training datasets and are not prone to overfitting (Prasad et al., 
2006; Ismail et al., 2010). Additionally, RF is less complex and less computer 
intensive in comparison to the long training times for SVM (Anguita et al., 2010). 
Other studies such as (Wang et al., 2008) achieved success with an ANN algorithm 
to map mangroves species from multi-seasonal IKONOS imagery. The decision 
to adopt machine learning algorithms should take into consideration the need for 
expert knowledge, for classifiers optimization and avoiding overfitting.  
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We applied an object-based approach for mangroves mapping in the 
current study. This approach allowed to clearly discriminate the different land 
cover classes within the mangroves ecosystem. Our results are in agreement with 
(Kamal et al., 2015), they applied an object-based approach for multi-scale 
mangrove composition mapping using multi-resolution data (Landsat TM, ALOS 
AVNIR-2, and WorldView-2) in two study sites in Australia and Indonesia, the 
results demonstrated the effectiveness of object-based analysis for mangroves 
mapping. Our results also are in agreement with (Vo et al., 2013), they applied 
multi-resolution segmentation for mangroves mapping in the Mekong Delta 
using SPOT5 data, and successfully detected areas with mixed aquaculture-
mangrove land cover with high accuracies. The main limitation of the mapping 
approach related to the classification rule set was its site, sensor and time 
dependency. This limitation was due to the spectral reflectance variations of the 
images captured by different sensors and the variations of the mangrove 
environmental settings. The only uncertainty introduced in the accuracy 
assessment in the current study was attributed to the time gap of eight years 
between the acquisition times of PALSAR data and the optical data. Some level of 
change in mangrove condition may have occurred within this time gap. However, 
we notice that there was no major disturbance affecting the study areas within 
this time gap. This difference assumed to be insignificant for observation and 
mapping of woody vegetation in the arid and semi-arid environments (Santini et 
al., 2013; Kamal et al., 2015). 
With regards to the techniques tested in the current study to improve the 
mapping accuracy, we found that the addition of different features derived from 
both optical and SAR data was effective in improving the overall accuracy; VIs 
improved the classification accuracy of optical data, texture features improved the 
classification accuracy of SAR data, and also the accuracy of the integrated SAR 
and optical data, similarly to what has been found by (Longepe et al., 2011) in 
tropical forests, confirming the value of textural information when this data type 
is used singularly, and especially for discriminating classes of dense and tall 
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vegetation. Our results are in agreement with several studies which used derived 
features and parameters for improving classification accuracy. In the study 
carried out by (Wang et al., 2004), the authors found that inclusion of image 
texture information improved the classification accuracy, and produced 
promising results. On the other hand, texture features were much less effective 
when included with optical data, perhaps due to the fact that very high values of 
accuracy were already reached and thus the margins of improvement were 
limited. PolSAR parameters improved the classification accuracy of both SAR 
data and the integrated SAR and optical data. We realized also the addition of 
different features improved the overall accuracy into a certain margin as seen in 
GC3, and the addition of more features after this margin reduced the overall 
accuracy as seen in GC4 and GC5 (Table 4.4).  
In this study, we showed that using SAR data only can still provide 
important landscape information. This result confirms SAR's role in forest and 
vegetation mapping of tropical regions and suggests that in the areas affected by 
optical data loss because of the atmospheric conditions, SAR data can be 
integrated with the available optical data. Using L-band SAR data was beneficial 
for mapping of mangroves because of the high penetration of L-band into the 
canopy, HH polarization has been found to be sensitive for detecting water 
beneath canopy (Hess et al., 1995), whereas HV polarization has been known for 
its sensitivity to volume scattering and biomass (Bourgeau-Chavez et al., 2009). 
Compared to single polarized SAR data, the dual-polarimetric SAR data provided 
much more information about the backscattering mechanism of the mangroves 
ecosystem. Therefore, dual-polarimetric SAR data enables a more detailed 
mapping of mangroves. These results are in agreement with (Souza-Filho et al., 
2011), they determined the best polarization configurations (HH, VV, or HV) to 
discriminate different types of coastal Amazon wetlands, the classification 
accuracy was slightly improved when combining polarizations, with an overall 
accuracy of 83% versus single-pol accuracies between 78% and 81%.  
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The current study shows that using L-band SAR data provided by ALOS 
PALSAR combined with the high resolution optical data of RapidEye is very 
useful in mapping of mangroves extents growing in fractions and small patches 
on the Red Sea coastline, as it provides information on the spatial distribution of 
mangroves and mangroves ecosystem, which is required for conservation and 
management of mangroves in this area. In the future work, we will continue using 
the next generation of L-band SAR data; ALOS-2 PALSAR. It will allow 
comprehensive monitoring of the Earth surfaces by providing users with more 
detailed SAR data than ALOS data, allowing continued mapping and monitoring 
of mangroves ecosystems with higher spatial and temporal resolution.  
5. CONCLUSION 
In this study, we investigated the contribution of the dual-polarimetric L-
band SAR data of ALOS/PALSAR and the high resolution optical data of 
RapidEye for mapping mangroves extents on the Red Sea coastline. The study 
also assessed the contribution of various features derived from both SAR and 
optical datasets including VIs, PCA and GLCM texture as well as the PolSAR 
parameters derived from the ALOS/PALSAR data to the overall accuracy, using 
different machine learning algorithms and comparing their performance. The 
highest overall classification accuracy of 92.15% was achieved by the integrated 
SAR and optical data. The VIs improved the overall accuracy of optical data 
classification. Texture features and PolSAR parameters improved the overall 
accuracy of SAR data, and the integrated SAR and optical data classifications. RF 
classifier has the highest performance followed by CART, and the lowest accuracy 
achieved by SVM. The study showed that using SAR data of ALOS/PALSAR 
integrated with optical data of RapidEye was very useful in the mapping of 
mangroves extents growing on the Red Sea coastline. The produced maps 
provided accurate information on the spatial distribution of mangroves in the 
study area, which is required for the conservation and sustainable management 
of mangroves in this area. 
  
 
 
 
Chapter 5  
 
Assessing the Impact of Drought 
on Grasslands using S1 SAR data 
 
This chapter is based on Abdel-Hamid, A.; Dubovyk, O., Valerie, G., and Greve, K. 2019. 
Assessing the impact of drought stress on grasslands using multi-temporal SAR data of 
Sentinel-1: A case study in Eastern Cape, South Africa. European Journal of Remote Sensing, 
In Review. 
ABSTRACT 
Grasslands are a major component of the natural vegetation in South Africa, 
it covers almost one-third of the country’s land surface. The current study focuses on 
assessing the impact of drought stress on communal and commercial grasslands in 
Eastern Cape using multi-temporal analysis of Sentinel-1 SAR data. Data analysis 
included retrieval of biophysical parameters of grasslands using Sentinel-1 SAR 
backscattering coefficients. Correlation analysis was performed between SAR data 
and NDVI values extracted from Landsat-8 optical data. Linear mixed-effects 
regression analysis was performed for detecting the impact of drought stress on 
communal and commercial grasslands during a drought and non-drought growing 
seasons. Our results indicate that vegetation dynamics in grasslands ecosystems in 
the study area are highly responsive to climatic fluctuations. A significant correlation 
between backscattering coefficients of Sentinel-1 SAR data (VH and VV) and NDVI 
was observed for both communal and commercial grasslands (R2 = 0.89). Results also 
demonstrated that communal grasslands are more affected by drought impact than 
commercial grasslands. In commercial grasslands, management activities can 
improve the growing conditions of grasslands, reduce the impact of drought, and 
subsequently increase the resilience and productivity of this ecosystem. 
Keywords: Grasslands; drought monitoring; Sentinel-1; Eastern Cape; South Africa. 
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1. INTRODUCTION 
Grasslands cover more than 40% of the Earth’s land surface, and are 
widely used for livestock grazing and fodder production, thereby contributing to 
global food production in major ways (FAO, 2006). They are a major component 
of the natural vegetation in South Africa, and covers almost one third of the 
country’s land surface, with a biome comprising 295,233 km2 of the central regions 
of the country, extending across the boundaries of seven provinces, and spanning 
a complex array of socio-economic situations and land use contexts (Palmer and 
Ainslie, 2005). They provide a range of ecosystem services including the 
protection of soil fertility, control of soil erosion, and influencing the hydrological 
cycle (Weigelt et al., 2009). In addition, grasslands are among the species-richest 
vegetation communities in the world, and therefore have important conservation 
value (Linnell et al., 2015). However, the ecosystem services provided by 
grasslands, and biodiversity, grasslands ecosystems are facing several pressures 
due to the impact of climate change and unsustainable land management 
practices. As the local population and especially the rural communities depend 
on the functionality of these ecosystems, there is a need to understand and detect 
involved processes that might lead to a potential degradation (Wessels et al., 2007). 
Climate change is commonly recognized as one of the most important 
drivers affecting plant ecosystems (Piras et al., 2016). Drying and warming climate 
usually decreases vegetation productivity (Li et al., 2013). Grasslands productivity 
is largely controlled by the amount and timing of precipitation and corresponding 
seasonal fluctuations in soil water content (Parton et al., 2012). Temperature is also 
an important regulator of grassland productivity (Liu et al., 2006). Drought has 
been a major factor influencing vegetation dynamics in grasslands (Cook et al., 
2007), and it has substantial social and economic consequences (Wilhite and 
Buchanan-Smith, 2005). Severe drought can limit grasslands production (Knapp 
and Smith, 2001), alter nutrient cycling (Evans and Burke, 2013), and increase 
wildfire risk and susceptibility to invasive plant species (Abatzoglou and Kolden, 
2011). Quantifying the economic and social impacts of drought on grasslands is 
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complex due to the wide range of ecosystem services impacted. There is a critical 
need to understand how drought affects grasslands, in part because drought 
severity and drought-associated grasslands disturbances are expected to increase 
with climatic change.  
Remote sensing offers a unique perspective for drought monitoring that 
complements the in situ–based climate data traditionally used for this application. 
Spaceborne sensors provide repeat coverage of spatially continuous 
measurements collected in a systematic, and objective manner. Vegetation 
estimates from MODIS and AVHRR have been extensively used for studying 
vegetation dynamics (Piñeiro et al., 2006), but complex spatial patterns that result 
from the interaction of disturbances with soils, topography, and vegetation are 
often undetectable with moderate-low resolution sensors (0.25–1 km). Satellite-
based indices such as the Normalized Difference Vegetation Index (NDVI) 
became increasingly used for various environmental monitoring applications 
including drought monitoring (Kogan, 1997; Peters et al., 2002).  
Although optical sensor data are useful for drought monitoring, there is a 
limitation for data acquisition due to cloud contamination. Synthetic Aperture 
Radar (SAR) data have been used to complement the cloud problems of optical 
data because SAR data are not influenced by weather conditions (Lang and 
McCarty, 2008). Due to their sensitivity to dielectric and structural land surface 
features, SAR remote sensing techniques have shown their potential to derive 
spatial information from land surfaces, especially radar backscatter from 
polarimetric SAR systems allows a detailed description of different vegetation 
and soil properties. Several operational mapping algorithms rely on SAR 
backscattering from single-polarized (e.g., HH, HV, or VV), dual-polarized 
(HH/HV or VV/VH), or quad-polarized (HH/HV/VV/VH) SAR data (Morandeira 
et al., 2016). Despite these advantages, there are few SAR-based studies for 
drought monitoring and assessment of vegetation dynamics in grasslands. The 
main reason these products have not been developed is the limited availability of 
SAR data (Santoro et al., 2015), which results in spatial and temporal 
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discontinuities when quantifying vegetation dynamics as a result of climate 
change across broader geographic regions. Until recently, systematically collected 
SAR datasets, such as that from the Sentinel-1 satellite (Berger et al., 2012), have 
not been available. The European Space Agency currently provides Sentinel-1 
SAR data with potentially global coverage that may greatly improve land surface 
monitoring. 
The main objective of this study is to assess the impact of drought stress 
on communal and commercial grasslands in Eastern Cape Province based on the 
analysis of multi-temporal SAR data of Sentinel-1. Specific objectives are; (a) 
evaluation of the potential of Sentinel-1 data in monitoring and retrieval of 
biophysical parameters of grasslands, (b) characterization and interpretation of 
the backscattering parameters of grasslands, and (c) assessment of the impact of 
drought stress on both communal and commercial grasslands in the study area. 
2. DATA AND METHODS  
2.1 Study Area 
The study area is located in Eastern Cape Province, the second largest 
province in South Africa, with a topographic and climatic complexity and 
diversity (Clark et al., 2009). The mountainous region in the study area forms part 
of the Great Escarpment Mountains and dominated primarily by grasslands, with 
large patches of forest on the southern aspects (Hoare and Bredenkamp, 2001). 
Land ownership is divided into two tenure systems; a privately (commercially) 
owned land tenure system and communally owned land tenure system. 
Communal land was predominantly located within the former homeland 
territories and on municipal land around each town in South Africa.  
The climatic conditions in Eastern Cape vary from mild warm 
temperatures to subtropical conditions at the coast. Droughts can occur 
throughout the year, but grasslands are particularly vulnerable to droughts in the 
summer during the growing season which mainly goes from September to March. 
The precipitation regime is characterized by a large variability at various time 
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scales from intra-seasonal, through inter-annual to decadal and multi-decadal 
(Kane, 2009). Two main study locations were selected in Sakhisizwe municipality 
in Eastern Cape, covering the two main grasslands tenure systems; communal 
and commercial grasslands (Figure 5.1). 
 
Figure 5.1. Map showing the location of the study area in Eastern Cape Province 
overlaid on SRTM digital elevation model; (a) communal grasslands, and (b) 
commercial grasslands. 
2.2. Remote Sensing Data 
Sentinel-1 SAR data covering the study area were acquired from the 
European Space Agency (ESA). As part of the Copernicus mission, Sentinel-1 
carries a single C-band synthetic aperture radar instrument operating at a centre 
frequency of 5.405 GHz, and composed of a constellation of two satellites 
(Sentinel-1A and B) to assure data continuity provided by the ERS-1/2 and 
ENVISAT satellites (Torres et al., 2012). Sentinel-1A was launched in April 2014, 
and Sentinel-1B was launched in April 2016, jointly provide a nominal 6-day 
repeat cycle, allowing for continuous monitoring of land surfaces. Sentinel-1 
operates in four image modes with various observation strategies, swath widths, 
and spatial resolutions; the Strip Map mode (SM), Interferometric Wide swath 
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mode (IW), Extra Wide swath mode (EW), and Wave swath mode (WV). Twenty-
four scenes of Sentinel-1 SAR data were acquired, covering two growing seasons 
(2015/2016 and 2016/2017). All the acquired data are in dual-polarization VV/VH, 
acquired in the Interferometric Wide swath mode (IW), in the GRD format, and 
product level 1. They are in a range and azimuth resolution of 5m and 20m, 
respectively. Table (5.1) shows the specifications of the Sentinel-1 data used in the 
current study. 
Table 5.1. Sentinel-1 SAR data used in the current study. All data are in IW mode. 
No. 
Acquisition 
Date / Time 
Track Orbit Pass No. 
Acquisition 
Date / Time 
Track Orbit 
1 2015/10/13 16:53:19 14 8136 Asc 13 2016/10/07  16:53:33 14 13386 
2 2015/10/25 16:53:19 14 8311 Asc 14 2016/10/19  16:53:33 14 13561 
3 2015/11/06 16:53:19 14 8486 Asc 15 2016/11/12  16:53:33 14 13911 
4 2015/11/30 16:53:14 14 8836 Asc 16 2016/11/24  16:53:33 14 14086 
5 2015/12/12 16:53:14 14 9011 Asc 17 2016/12/06  16:53:33 14 14261 
6 2015/12/24 16:53:13 14 9186 Asc 18 2016/12/18  16:53:32 14 14436 
7 2016/01/17 16:53:12 14 9536 Asc 19 2017/01/11  16:53:30 14 14786 
8 2016/01/29 16:53:12 14 9711 Asc 20 2017/01/23  16:53:30 14 14961 
9 2016/02/10 16:53:22 14 9886 Asc 21 2017/02/04  16:53:30 14 15136 
10 2016/02/22 16:53:12 14 10061 Asc 22 2017/02/16  16:53:30 14 15311 
11 2016/03/05 16:53:12 14 10236 Asc 23 2017/03/12  16:53:30 14 15661 
12 2016/03/17 16:53:12 14 10411 Asc 24 2017/03/24  16:53:30 14 15836 
Asc = Ascending pass. 
In addition to SAR data, Landsat-8 Operational Land Imager (OLI) optical 
data were used in the current study, Landsat provides the longest continuous 
archive of optical satellite data for land surface mapping and monitoring. The 
launch of the Landsat-8, in particular, has brought new opportunities and a 
platform for continuity in optical remote sensing. Landsat-8 surface reflectance 
scenes covering the study area in Eastern Cape during the two growing seasons 
of grasslands (2015/2016 and 2016/2017) were used in the current study to 
calculate the Normalized Difference Vegetation Index (NDVI) (Tucker, 1979). 
Vegetation indices are less sensitive to image-to-image noise, viewing geometry, 
and atmospheric attenuation, making them particularly advantageous over 
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reflectance products when using large area mosaics covering scenes spread over 
multiple paths, rows, and dates (Vermote et al., 2016). 
2.3. Climate Data 
Meteorological data covering the main study locations with communal 
and commercial grasslands, and the surrounded area in Eastern Cape Province, 
were obtained from the South African Weather Service Organization. The original 
climatic data were the daily records of precipitation and temperature from 2014 
to 2017. In addition, precipitation information based on the Climate Hazards 
Group Infrared Precipitation with Station (CHIRPS) data were used in the current 
study. The CHIRPS product provides daily precipitation data for the quasi-global 
coverage of 50°N-50°S from 1981 to present. The latest product is Version 2.0. It 
belongs to the “satellite-gauge” category (Funk et al., 2015). 
2.4. Reference Data 
Field work was carried out in the study area in Eastern Cape Province in 
October 2017, for validation of the remote sensing data analysis. During the field 
work, field measurements with the corresponding description of the test sites 
were collected using previously predefined test sites and covering the two study 
locations in commercial and communal grasslands (Figure 5.2). Identification of 
the grasslands into the two different tenure systems; communal and commercial 
grasslands, was also carried out during the field work. In addition to the collected 
data during the field work; land cover information covering the study area were 
obtained based on the South African National Land-cover dataset for South Africa 
produced by GEOTERRAIMAGE in 2013–2014 with overall accuracy of 81.73%, 
which used to extract the grasslands layer (Graw et al., 2017). 
Chapter 5. Assessing the Impact of Drought on Grasslands using S1 SAR Data 
 69
 
Figure 5.2. Photographs collected during the fieldwork showing the different 
landforms, and different terrain and topography as well as the different grasslands 
conditions in commercial grasslands (a & b), and communal grasslands (c & d). 
2.5. Data Pre-processing 
Sentinel-1 intensities data covering the study area consists of cross-
polarized (VH), and co-polarized (VV) data from the high resolution Level-1 
ground range detected products (GRD) were speckle-filtered, multi-looked, 
geocoded, and terrain corrected, followed by calculation of the backscattering 
coefficients (σ°) in decibel-scale (dB) (Small, 2011). Lee-Sigma filter (Lee et al., 
2009) with a combination of 5 x 5 kernels were used to reduce the speckle noise. 
The image pixels were multi-looked to 30m square pixels using a bilinear method 
to be consistent with the Landsat-8 data. Terrain correction was conducted using 
the recently released STRM 1 arc-second (approximately 30m) digital elevation 
model (DEM). SNAP toolbox (Sentinel Application Platform) developed by ESA 
was used for SAR data processing. 
Landsat-8 images were gathered and processed in Google Earth Engine 
(GEE, 2015). GEE stores surface reflectance data scenes, which have been pre-
processed. The pre-processing steps include geometric and atmospheric 
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correction, cloud masking and resampling to 30m. Landsat-8 images were further 
processed in the GEE environment to calculate the Normalized Difference 
Vegetation Index (NDVI). NDVI is one of the most frequently used parameters in 
vegetation monitoring and eco-climatological studies and is computed as:                                 NDVI = (ρ −  ρ )/(ρ + ρ )                                       (1) 
Where ρnir and ρr are the surface reflectances in the near-infrared and red spectral 
range, respectively. Its values range between -1 and 1, with more positive values 
indicating green vegetation. Non-vegetated surfaces are not represented robustly 
and typically show values < 0.3.  
CHIRPS data covering the study area during the study periods; drought 
season (2015/2016), and non-drought season of grasslands (2016/2017) were 
downloaded, geometrically corrected, cropped to the extent of the study area, 
aggregated, and resampled to (30 m.). Grasslands information was extracted from 
the land cover dataset of the study area. Figure (5.3) shows the calculated and 
extracted products from the remote sensing data used in the current study. 
 
Figure 5.3. Calculated and extracted products used in the current study during the 
growing season of 2015/2016; (a) VH backscattering coefficient, (b) VV backscattering 
coefficient, (c) Landsat-8 derived NDVI, and (d) grasslands layer extracted from the 
land cover dataset. 
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2.6. Data Analysis 
Data analysis in the current study consists of three main steps, (a) multi-
temporal analysis of Sentinel-1 SAR data and retrieval of grasslands biophysical 
parameters, (b) relationship between Sentinel-1 SAR data and Landsat-8 NDVI, 
and (c) detection of the impact of drought stress on communal and commercial 
grasslands. Figure (5.4) provides an overview of the entire approach adopted in 
this study. 
 
Figure 5.4. Flowchart of the methodology adopted in the current study. 
2.6.1. Temporal analysis of Sentinel-1 SAR data and retrieval of 
grasslands biophysical parameters 
Time series analysis of remotely sensed data is a useful tool for monitoring 
and characterization of land surface features across large areas. In the current 
study, a time series analysis was performed using Sentinel-1 SAR data to retrieve 
the biophysical parameters of grasslands in the study area during a drought 
season 2015/2016 and non-drought season 2016/2017. We focused on deriving the 
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phonological parameters of grasslands using the backscattering coefficients of 
Sentinel-1 data; VH and VV. The outcomes of the time series analysis were 
information on the phenological parameters (growth stages of grasslands) for 
both communal and commercial grasslands during the two growing seasons. 
Afterwards, the backscattering was overlaid on the precipitation data for better 
interpretation of the backscattering parameters and understanding the 
relationship between changes in the backscattering intensities and the 
corresponding change in precipitation in the study area. In the last step, we 
compared the backscattering coefficients between the two different study 
locations with communal and commercial grasslands during the two growing 
seasons. 
2.6.2. Relationship between Sentinel-1 SAR data and Landsat-8 NDVI 
Pearson’s correlation analysis was used to test the relationship between 
Sentinel-1 SAR data (backscattering of VH and VV), and Landsat-8 NDVI in 
communal and commercial grasslands in the study area during the drought and 
non-drought seasons. The relationships between SAR data and NDVI were 
analyzed and compared to investigate the potential of using SAR data of 
Sentinel-1 with Landsat-8 NDVI to estimate the variations between grasslands in 
communal and commercial grasslands during the drought and non-drought 
growing seasons. The relationship between SAR backscattering and NDVI is 
described by the following linear model:                                  = +                                              (2) 
Where a0 and a1 are coefficients of the regression modeling, and D is the 
vegetation index NDVI. In addition, as precipitation has a varied impact on 
vegetation growth in grasslands ecosystems, we compared the vegetation-
precipitation dynamics to evaluate the response of grasslands to the variation in 
precipitation over communal and commercial grasslands during the drought and 
non-drought seasons. Data analysis was performed using R version (3.5.0). 
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2.6.3. Detection of the Impact of Drought stress on Grasslands 
We applied a panel data analysis to compare the impact of drought stress 
on communal and commercial grasslands in Eastern Cape. Regression analysis 
was performed using the time series of SAR data; VH backscattering, as well as 
VV backscattering during the drought and non-drought growing seasons of 
grasslands. Additionally, regression analysis was also conducted using the time 
series of NDVI for the study sites in both seasons. We applied a linear mixed-
effects maximum likelihood (ML) regression model according to the following 
equation:                                       y = X  +  Zu +  ε                                     (3) 
Where y is the n x 1 vector of responses, X is the n x p fixed-effects design matrix, 
 are the fixed effects, Z is the n x q random-effects design matrix, u are the 
random effects,  is the n x 1 vector of errors (McLean et al., 1991). All statistical 
analysis was performed using STATA 14 software.  
3. RESULTS 
3.1. Characteristics of the climatic conditions in the study area 
In South Africa, extreme droughts are sometimes triggered by El Niño 
Southern Oscillation (ENSO), a quasi-periodic invasion of warm sea surface 
waters into the central and eastern tropical Pacific Ocean, returning at least once 
in any ten-year period (Rouault and Richard, 2005). In 2015/2016, South Africa 
experienced a combined effects of a severe drought and a strong El Niño event. 
National authorities in South Africa qualified it as the worst in 23 years (Vogel 
and van Zyl, 2016). This severe drought resulted in significant declines in the 
harvest in particular during 2016, and seriously depleted the water reserves, the 
drought has also had a ripple effect on the country's economy that contributed to 
a decline in Gross Domestic Product. The socio-economic effects of drought across 
the region are evident, extensive and have negatively affected key sectors of the 
economy, such as agriculture and food security (Baudoin et al., 2017). 
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We compared the mean temperature and total precipitation during the 
drought season 2015/2016 and the non-drought season 2016/2017 in commercial 
and communal grasslands in the study area. The results highlighted the climatic 
variations between the two study locations. Communal grasslands received the 
least amount of rainfall within the growing season, accompanied by increased 
mean annual temperature than commercial grasslands, with higher mean 
temperatures in the drought season than the normal growing season (Figure 5.5). 
 
Figure 5.5. Overview of the mean temperature and total precipitation in the study 
area; (a) in commercial grasslands, and (b) in communal grasslands, during the 
growing season 2015/2016; and (c & d) during the growing season 2016/2017. 
3.2. Temporal analysis of Sentinel-1 SAR data  and retrieval of 
grasslands biophysical parameters 
As grasslands in the study area are divided into two major tenure systems; 
commercial and communal grasslands. These different tenure systems are 
considered to have a significantly different impact on the conditions of grasslands 
ecosystems. The high temporal resolution of Sentinel-1 data allows for the 
monitoring of the signal variations of grasslands. Figure (5.6) shows the 
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backscattering variation in VH and VV polarizations in commercial and 
communal grasslands in the study area during the drought and non-drought 
growing seasons. The signals of grasslands in VV backscattering were higher than 
in VH, and the change in the magnitude of the signal (between grasslands types 
commercial and communal and also between dates) was greater in VV than in 
VH, and was greater in commercial grasslands than in communal grasslands.  
Figure (5.6) shows a wide range of grasslands backscattering variation in 
VH from the beginning of the growing season in September until the end of the 
season in March. This wide range is explained by the multiple scattering caused 
by the grasses stems. The signal variation of grasslands particularly in VH, comes 
from two mechanisms that dominate during the growth cycle of grasslands, 
double-bounce scattering, and volume scattering.  
Temporal variations of the backscattering coefficients revealed the 
phenological changes of grasslands in the study area, which can be differentiated 
into three main phases; (a) vegetative phase: grasslands backscattering increases 
with time, it increases from low values (around −21 dB in VH and −15 dB in VV) 
to higher values (around -19 dB in VH, and −13 dB in VV). At the beginning of the 
season, the backscattering coefficient σ0 is low since the fields are dry, then the 
incident radar signal is distributed. Only a small proportion of the emitted energy 
is backscattered to the sensor; the σ0 of the field is very low in both polarizations, 
followed by an increase in the backscattering that takes place after a rainfall event 
at the beginning of the growing season. Conversely, at the end of the vegetative 
phase, when the grasses grow in number and height, the signal was particularly 
strong, it can be explained by the high proportion of the emitted energy that 
returns to the sensor because of the double-bounce scattering, (b) reproductive 
phase: when grasses reach their maximum height, the panicles develop, the leaves 
change direction and the stem dries. From this phase until the end of the season, 
the σ0 decreases. However, there is a slight increase in σ0 during the reproductive 
phase, it can be explained by the increase in the proportion of the transmitted 
signal due to the increased volume of vegetation, and (c) maturation phase: during 
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this period, the grasses enter the senescence phase, the leaves and stem continue 
to dry, the plants move towards the ground, and the σ0 decreased in both VH and 
VV. This change is related to the decrease in the water content of the grasses which 
affects σ0, since dried plants have a lower dielectric constant. 
3.3. Relationship between Sentinel-1 SAR data and Landsat-8 NDVI 
Temporal analysis was conducted by correlating SAR backscattering (VH 
and VV) over communal and commercial grasslands in Eastern Cape with 
corresponding NDVI values. Spatial correlation was performed based on the 
mean values of SAR backscattering of each grassland type and the Landsat-8 
NDVI accordingly for both drought and non-drought growing seasons.  
 
Figure 5.6. Backscattering coefficients of commercial and communal grasslands in the 
study area overlaid on precipitation data; (a) VH backscattering in 2015/2016, (b) VV 
backscattering in 2015/2016, (c) VH backscattering in 2016/2017, and (d) VV 
backscattering in 2016/2017. The x-axis of the figures indicates Julian days of the 
respective years. 
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The correlations between SAR backscattering coefficients and NDVI over 
the communal grasslands in the study area are presented in Figure (5.7). We found 
that, in the drought growing season, VH backscattering was positively correlated 
with NDVI (R2 = 0.89) (Figure 5.7a). In contrast, in the non-drought season when 
biomass reached a high level, VH backscattering changed, and the correlation of 
VH backscattering against NDVI decreased (R2 = 0.79) (Figure 5.7c). VV 
backscattering was positively correlated with NDVI in the drought season (R2 = 
0.66) (Figure 5.7b), which also decreased in the non-drought season (R2 = 0.52) 
(Figure 5.7d). Results also showed that the correlation of VH backscattering with 
NDVI is higher than the correlation of VV backscattering with NDVI during both 
the drought and non-drought growing seasons (Figure 5.7). 
 
Figure 5.7. Correlation analysis between Sentinel-1 SAR data and NDVI over 
communal grasslands; (a) VH backscattering with NDVI during the drought 
season 2015/2016, (b) VV backscattering with NDVI, (c) VH backscattering with 
NDVI during the non-drought growing season 2016/2017, and (d) VV 
backscattering with NDVI. 
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The correlations between SAR backscattering coefficients (VH and VV) 
and NDVI over the commercial grasslands in the study area are presented in 
Figure (5.8). A positive correlation was found between SAR backscattering 
coefficients and NDVI in commercial grasslands with linear relationship. The 
correlation of VH backscattering with NDVI appeared higher in the drought 
season (R2 = 0.65), and lower in the non-drought season (R2 = 0.48). The correlation 
of VV backscattering with NDVI was also higher in the drought season (R2 = 0.46) 
than in the non-drought growing season, which weakly correlated to NDVI 
(Figure 5.8). Similar to the correlations in communal grasslands, the correlation of 
VH backscattering was higher than the correlation of VV backscattering with 
NDVI. To compare the correlation results for both communal and commercial 
grasslands, the correlation between Sentinel-1 SAR backscattering for both VH 
and VV was higher in communal grasslands than in commercial grasslands with 
strong correlations for VH backscattering with NDVI and weaker correlation for 
VV backscattering with NDVI.  
 
Figure 5.8. Correlation analysis between Sentinel-1 SAR data and NDVI over 
commercial grasslands; (a) VH backscattering with NDVI during the drought season 
2015/2016, (b) VV backscattering with NDVI, (c) VH backscattering with NDVI 
during the non-drought season 2016/2017, and (d) VV backscattering with NDVI. 
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We compared the NDVI for commercial and communal grasslands in the 
study area during the last five years from 2013-2018. Results showed that, in most 
years, a single NDVI peak was observed during the growing seasons of 
grasslands, except for the growing season of 2015/2016 (the drought season), a 
double NDVI-peak was observed, which varied between commercial and 
communal grasslands (Figure 5.9). This change in the pattern of grasslands 
growth from single–peak to double-peak during the drought season could be 
explained by the less rainfall received and the increased mean temperature 
occurred during the drought season 2015/2016, which suppress the growth of 
grasslands during this period, and subsequently lead to a change in the pattern of 
the growing season of grasslands. Figure (5.9) also showed that communal 
grasslands are more affected by this impact more than commercial grasslands. 
We compared the NDVI-precipitation dynamics between commercial and 
communal grasslands during the drought and non-drought growing seasons. The 
main active vegetation dynamics in grasslands can be observed between 
September and March/April, which closely corresponds to the precipitation rates, 
which increase in October and drop in April (Figure 5.10). In the drought season 
2015/206, commercial grasslands started growing at the beginning of the season 
earlier than communal grasslands which received less amount of rainfall, leading 
to a delay in the onset of the growing season in communal grasslands. In the non-
drought season 2016/2017, commercial grasslands received more rainfall and 
started the growing season earlier than in the drought year. Communal 
grasslands received amount of rainfall more than the amount received during the 
drought season, and less than the amount of rainfall received by commercial 
grasslands (Figure 5.10). 
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Figure 5.9. Annual normalized difference vegetation index (NDVI) for (a) 
commercial grasslands, and (b) communal grasslands in Eastern Cape during the 
last 5 years. The 2015/2016 growing season is highlighted with bold red line. 
 
 
Figure 5.10. Annual normalized difference vegetation index (NDVI) for (a) 
commercial grasslands, and (b) communal grasslands in the study area overlaid 
on total precipitation during the drought 2015/2016 and non-drought 2016/2017 
growing seasons. 
3.4. Impact of drought on communal and commercial grasslands 
Figure (5.11) shows the results of the regression analysis of Sentinel-1 SAR 
data in communal and commercial grasslands in Eastern Cape during the two 
years. Results showed that the drought season has a significant influence on the 
VH backscattering for both communal and commercial grasslands, with a higher 
impact on communal grasslands than commercial grasslands. There is a negative 
association between the drought season over communal grasslands and VH 
backscattering (β = - 0.69, p < 0.05) (Figure 5.11a). The variation between the 
impacts of drought on communal and commercial grasslands is very clear in VV 
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than in VH backscattering, with a higher impact on communal grasslands than in 
commercial grasslands. A negative association between the drought season over 
communal grasslands and VV backscattering was detected (β = - 0.90, p < 0.01) 
(Figure 5.11b). Our results also showed that the drought season has a significant 
influence on NDVI values, there is a negative association between the drought 
season and NDVI (β = - 0.68, p < 0.01), and a negative association between 
communal grasslands and NDVI (β = - 0.69, p < 0.05) (Figure 5.11c).  
 
Figure 5.11. Results of the regression analysis in communal and commercial 
grasslands during the drought and non-drought growing seasons; (a) VH 
backscattering, (b) VV backscattering, and (c) NDVI. Probability values are 
significant at (p < 0.01) for the three models. 
 
4. DISCUSSION 
In this study, we investigated the potential of multi-temporal Sentinel-1 
SAR data integrated with field observations and climatic data for monitoring 
grasslands and detection of the impact of drought on communal and commercial 
grasslands in Eastern Cape Province. Several studies used SAR data for 
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vegetation mapping and monitoring, but SAR applications for grasslands 
monitoring have been much less relative to optical data. The reasons for this 
include limited availability of SAR data, and complex data structures relative to 
optical data. This condition changed after the launch of Sentinel-1 SAR data 
(Torres et al., 2012), which provided high spatial resolution (< 30 m), and 
temporally frequent SAR data at the scales needed to support grasslands 
monitoring, and addressing the impact of climate change on vegetation dynamics 
in grasslands. 
Studies that used SAR data have detailed vegetation backscattering 
responses for varying wavelengths, polarizations, incidence angles, scales, and 
field properties. SAR backscattering signal differs at various bands. SAR data with 
C-band (wavelength of ≃ 5 cm) was used more often for the monitoring of 
agricultural crops and grasslands due to the relatively small size of plants 
(McNairn et al., 2009; Wiseman et al., 2014). In case of low frequency (C-band), the 
total backscattering is a combination of contributions from soil and vegetation 
layer, while in case of high frequency; the total backscattering is the contribution 
of vegetation layer only (Wang et al., 2013).  
Results of the current study demonstrated the potential of multi-temporal 
Sentinel-1 SAR data for monitoring the spatio-temporal variations in grasslands, 
and retrieval of the biophysical parameters of grasslands. Results showed that the 
signals of grasslands in VV backscattering were higher than in VH backscattering. 
Our results are in agreement with several studies used SAR data for monitoring 
of agricultural crops and grasslands, and focused on the analysis of SAR 
backscattering intensity and polarimetric parameters; for example, McNeill et al. 
(2010), found that TerraSAR-X HH+HV backscatter performed the best among all 
polarization combinations in pasture areas in New Zealand. Voormansik et al. 
(2013) analyzed dual polarimetric signatures of agricultural grasslands at X-band, 
indicating several potentially promising polarimetric parameters for detecting 
mowing events.  
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We used multi-temporal NDVI data extracted from Landsat-8 to 
contribute to our understanding of the ability of SAR data for monitoring of 
grasslands and detection of the impact of drought. Our results revealed a positive 
correlation between SAR backscattering and NDVI in both communal and 
commercial grasslands, with a higher correlation of VH backscattering with NDVI 
in communal grasslands, this is probably related to the fact that VH signal has 
more capability than optical indices to estimate properties of grass of high 
biomass. Meanwhile, fluctuation of VH backscattering was also largely attributed 
to rainfall. Water on leaves after rainfall can cause substantial change of the 
backscattering coefficient (Wang et al., 2013), this in agreement with Ali et al. 
(2013), they used COSMO-SkyMed SAR data in a study of nature conservation 
sites in the Alpine region, and found that the potential of VV backscatter to detect 
grazing or mowing activities was undermined by rainfall events, which made 
backscatter signal increase sharply.  
During the last decade, the frequency and impact of natural disasters in 
the farming community in South Africa have increased significantly, and the most 
common type of disaster is drought. Data from the Centre for Research on the 
Epidemiology of Disaster show that drought is a major disaster in South Africa in 
terms of the number of people affected and total economic loss (Ngaka, 2012). Our 
results revealed seasonal dynamics of grasslands in the study area and provided 
insights into explaining the response of grasslands in communal and commercial 
grasslands to the changes in precipitation and the impact of drought. Other 
studies such as Graw et al. (2017), used optical data only, and compared the 
precipitation-vegetation dynamics in croplands using Vegetation Condition 
Index (VCI) based on the MODIS EVI, indicated other drivers for productivity 
change and drought impact besides rainfall. 
Results of the regression analysis in the current study revealed that 
communal grasslands are more affected by the impact of drought than 
commercial grasslands. People living in rural areas and resource-poor farmers in 
communal grasslands are often cited as more vulnerable to the impact of drought 
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(Pelser et al., 2005), their suffering and vulnerability are often exacerbated by a 
lack of progress in effective drought management, while in commercial 
grasslands, management activities including; organizing the livestock grazing, 
firing, resting the fields, and grasslands mowing, were able to improve the 
growing conditions of commercial grasslands, reduced the impact of drought 
stress, and subsequently increased the grasslands resilience and productivity. 
Limitations of the current study include the short time series of SAR data, 
explained by the lack of Sentinel-1 data before 2015. In future work, we will 
combine multi-source SAR data for better prediction of the impact of drought on 
grasslands. In addition, Sentinel-2 optical data will be integrated with Sentinel-1 
data in future work.  
5. CONCLUSION 
Grasslands are one of the main biomes in Eastern Cape Province; better 
management of grasslands is of great importance for profitability and 
sustainability. This study focused on investigating the potential of using multi-
temporal dual-polarimetric SAR data of Sentinel-1 for monitoring and detecting 
the impact of drought on communal and commercial grasslands in Eastern Cape. 
The availability of multi-temporal SAR data with high temporal and spatial 
resolution allows for the analysis of seasonal vegetation dynamics in grasslands 
and retrieval of the biophysical parameters. Correlation between VH 
backscattering and NDVI was higher than VV backscattering and was higher in 
communal grasslands over commercial grasslands. Findings presented in this 
study revealed that communal grasslands are more affected by drought than 
commercial grasslands. Our results demonstrated the feasibility of using multi-
temporal SAR data of Sentinel-1 for grasslands monitoring and detection of the 
impact of drought on communal and commercial grasslands.   
 
  
 
 
 
Chapter 6 
 
The Potential of Sentinel-1 InSAR 
coherence for Grasslands Monitoring 
 
This chapter is based on Abdel-Hamid, A., Dubovyk, O., and Greve, K. 2019. The potential 
of Sentinel-1 InSAR coherence for grasslands monitoring in Eastern Cape, South Africa 
[Manuscript]. 
ABSTRACT 
This study evaluates the potential of the repeat-pass synthetic aperture radar 
interferometry (InSAR) coherence for grasslands monitoring in Eastern Cape 
Province, in South Africa. We used 12 pairs of InSAR data in the Interferometric Wide 
swath mode (IW), in VV-polarization (with different spatial baseline B⊥ and different 
temporal repeat intervals between the subsequent acquisitions), covering grasslands 
in the study area during two growing seasons; drought season (2015/2016) and non-
drought season (2016/2017). Results show that non-drought season has higher 
variability in the coherence between the different regions of interest (ROIs) than the 
drought season and higher variability in the backscattering coefficient. Based on our 
results, we conclude that InSAR-based data have shown potential for grasslands 
monitoring, and the regularity of Sentinel-1 data is well suited for InSAR applications. 
However, the potential to separate grasslands from other vegetation categories 
appears to be limited with longer temporal baselines of 12 days intervals using only 
Sentinel-1A data. This potential will be improved with the 6 days intervals that will 
become available with Sentinel-1B in the study area. 
Keywords: Grasslands, Sentinel-1; InSAR coherence, Eastern Cape; South Africa. 
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1. INTRODUCTION 
Grasslands cover more than 40% of the Earth’s land surface and are widely 
used for livestock grazing and fodder production, thereby contributing to global 
food production in major ways (FAO, 2006). They are generally located in drier 
regions (arid and semi-arid environment) and experience high inter-annual 
variability in precipitation, which in turn, is a key driver of grasslands production 
and resource deterioration and recovery (McKeon et al., 2004; Cobon et al., 2017). 
Grasslands are a major component of the natural vegetation in South Africa, 
covering almost one-third of the country’s land surface, with a biome comprising 
295,233 km2 of the central region of the country. They extend across the 
boundaries of seven provinces, spanning a complex array of socio-economic 
situations and land use contexts. The interface between grasslands and other 
biomes contributes substantially to their floristic and faunal diversity and to the 
important role they play in the agricultural economy (Palmer and Ainslie, 2005). 
Grassland ecosystems support human, fauna and flora populations by 
providing numerous goods and services such as the provision of forage for 
livestock, wildlife habitats, and biodiversity conservation (White et al., 2000). 
Additionally, grasslands are the largest terrestrial carbon sink after forests 
(Derner and Schuman, 2007) and they play a vital role in regulating the global 
carbon cycle (Franzluebbers, 2010). However, the ecosystem services provided by 
grasslands, they are facing several pressures due to the impact of unsustainable 
land management practices and climate change. At least 40% of the grassland 
biome in South Africa has been irreversibly modified, and nearly 60% of the 
remaining grassland areas are classified as threatened, and subsequently, these 
ecosystems are losing vital aspects of their composition, structure, and 
functioning (Palmer and Ainslie, 2005). This makes it essential to monitor the 
grasslands' status on a repeated and regular basis. 
Drought has been one of the major factors influencing vegetation 
dynamics in grasslands (Cook et al., 2007), causing substantial social and 
economic consequences (Wilhite and Buchanan-Smith, 2005). Grasslands 
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productivity is largely controlled by the amount and timing of precipitation and 
corresponding seasonal fluctuations in soil water content (Parton et al., 2012). 
Temperature is also an important regulator of grassland productivity (Liu et al., 
2006).  
In 2015/2016, South Africa experienced combined effects of a severe 
drought and a strong El Niño event. National authorities qualified it as the worst 
drought in 23 years (Vogel and van Zyl, 2016). This severe drought resulted in 
significant declines in the harvest, in particular during 2016, and seriously 
depleted the water reserves. The drought has also had a ripple effect on the 
country's economy that contributed to a decline in Gross Domestic Product 
(Baudoin et al., 2017). The socio-economic effects of drought across the region are 
evident, extensive and have negatively affected key sectors of the economy, such 
as agriculture and food security (Baudoin et al., 2017). 
Assessment of the state of grasslands and their dynamics generally relies 
on the use of optical satellite data. The use of methods based on time series 
analysis is preferred due to temporal differences caused by plant phenology and 
management practices. However, the availability of optical data throughout the 
growing season is limited due to cloud cover, which stimulates studies of other 
remote sensing data such as Synthetic Aperture Radar (SAR) for monitoring of 
grasslands (Lang and McCarty, 2008).  
Studies that make use of SAR data for vegetation monitoring has mostly 
focused on SAR backscattering. SAR interferometry (InSAR) was less 
investigated. InSAR consists of correlating two images acquired from two 
positions in space slightly separated from each other; the distance between the 
satellite positions is referred to as the interferometric baseline (Santoro et al., 2018). 
InSAR coherence depends on the temporal separation between image acquisitions 
(repeat-pass interval) and the spatial distance between the satellites (the length of 
the baseline). Being sensitive to elevation changes, InSAR captures the three-
dimensional structure in its observables; both the interferometric phase and the 
coherence are related to the elevation of the scattering objects and the density of 
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the vegetation. These observables are, therefore, potentially more suited to the 
retrieval of biophysical parameters than the intensity of the backscattered signal, 
since the vertical properties of the vegetation structure are not represented in the 
backscatter observation (Santoro et al., 2018). 
InSAR coherence with a range of temporal baselines has shown promising 
results in surface parameter inversion. Seasonal variation of coherence has been 
investigated to understand environmental changes over various land covers (Wei 
and Sandwell, 2010; Ahmed et al., 2011). In areas covered by vegetation, the 
backscatter includes contributions from both the ground surface and the above 
vegetation canopy, with the balance between the two depending on the 
penetration capability of the radar signal with respect to the structure, geometry, 
and density of the vegetation (Kornelsen and Coulibaly, 2013). More recently, 
Copernicus Sentinel-1 constellation has started to collect SAR imagery in 
interferometric wide swath mode (IW) with a repeat cycle of 12 days for each 
satellite, which offers an opportunity for grasslands monitoring based on a dense 
time series of InSAR data.  
The main objective of this study focused on exploring the potential of 
InSAR coherence of Sentinel-1 for monitoring of communal and commercial 
grasslands in Eastern Cape under drought and non-drought conditions and 
investigating the relationship between backscattering intensity and InSAR 
coherence concerning the potential for grasslands monitoring.  
2. DATA AND METHODS 
2.1. Study Area 
The study area is located in Eastern Cape Province, it is the second-largest 
province in South Africa, with topographic and climatic complexity and diversity 
leading to a rich mixture of floristic elements (Clark et al., 2009). The mountainous 
region in the north of the province forms part of the Great Escarpment Mountains 
and dominated primarily by grasslands with large patches of forest on the south 
(Hoare et al., 2006). The climatic conditions in Eastern Cape vary from mild warm 
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temperatures to subtropical conditions at the coast. Droughts can occur 
throughout the year, but grasslands are particularly vulnerable to droughts 
during the growing season in the summer, which mainly goes from September to 
March. The precipitation regime is characterized by a large variability at various 
time scales; from intra-seasonal, through inter-annual to decadal and multi-
decadal (Kane, 2009). Land ownership in the study area is divided into two tenure 
systems; communal and commercial systems. In the current study, we focused on 
the Sakhisizwe municipality in Eastern Cape Province. Two main study locations 
were selected, covering the two main grassland tenure systems; communal and 
commercial grasslands (Figure 6.1). 
 
Figure 6.1. Location of the study area in Eastern Cape Province showing the 
Sakhisizwe municipality with the two main towns; Cala and Elliot, overlaid on 
the processed InSAR data. 
2.2. Data Sources 
Sentinel-1 is a C-band synthetic aperture radar (SAR) satellite operating at 
a Centre frequency of 5.405 GHz (wavelength ~5.54 cm) and consists of a 
constellation of two satellites (Sentinel-1A and Sentinel-1B). Jointly they provide 
a nominal 6-day repeat cycle allowing for continuous monitoring of land surfaces. 
Chapter 6. The Potential of Sentinel-1 InSAR coherence for Grasslands Monitoring 
 90
It operates in four image modes with various observation strategies, swath 
widths, and spatial resolutions, namely; the Strip Map mode (SM), Interferometric 
Wide swath mode (IW), Extra Wide swath mode (EW), and Wave swath mode 
(WV) (Torres et al., 2012). Sentinel-1 SAR data covering the study area in Eastern 
Cape Province was acquired from the European Space Agency (ESA), throughout 
two growing seasons (2015/2016 and 2016/2017).  
We acquired data in the Interferometric Wide swath mode (IW), in dual-
polarization VV/VH, single look complex format (SLC), and product level 1. The 
IW SLC product contains one image per sub-swath, per polarization channel, for 
a total of three or six images. Each sub-swath image consists of a series of bursts, 
where each burst was processed as a separate SLC image. The time span between 
acquisitions was 12 days in ascending orbit. Two sub-swaths were included in the 
current study, i.e., IW2 and IW3. Precise dates of the different InSAR pairs are 
provided in Tables (6.1 and 6.2). 
Table 6.1. Sentinel-1 InSAR pairs used in the current study for calculating the 
coherence during the drought season (2015/2016).  
Pair Date (2015/2016) Mst/Slv Track Orbit 
B. prep. 
[m] 
B. temp. 
[days] 
P1 2015/10/13 - 2015/10/25 S / M 14 8136 - 8311 -38.63 12 
P2 2015/12/12 - 2016/01/05 S / M 14 9011 - 9361 -124.48 24 
P3 2016/01/05 - 2016/01/29 S / M 14 9361 - 9711 -50.71 24 
P4 2016/01/05 - 2016/02/22 M / S 14 9361 - 10061 -76.48 -48 
P5 2016/01/05 - 2016/03/05 M / S 14 9361 - 10236 -29.36 -60 
P6 2016/01/05 - 2016/03/17 S / M 14 9361 - 10411 -45.29 72 
P7 2016/01/29 - 2016/02/22 M / S 14 9711 - 10061 -126.75 -24 
P8 2016/01/29 - 2016/03/05 M / S 14 9711 - 10236 -79.97 -36 
P9 2016/01/29 - 2016/03/17 M / S 14 9711 - 10411 -7.04 -48 
P10 2016/02/22 - 2016/03/05 S / M 14 10061 - 10236 -47.22 12 
P11 2016/02/22 - 2016/03/17 S / M 14 10061 - 10411 -121.69 24 
P12 2016/03/05 - 2016/03/17 S / M  14 10236 - 10411 -74.65 12 
B. prep. = Baseline perpendicular (B⊥), the spatial distance between the two satellites, and B. 
temp. = Baseline temporal, the temporal separation between image acquisitions, Mst = master 
scene, Slv = slave scene. 
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Table 6.2. Sentinel-1 InSAR pairs used in the current study for calculating the 
coherence during the non-drought the season (2016/2017).  
Pair Date (2016/2017) IW3 Mst/Slv Track Orbit 
B. prep. 
[m] 
B. temp. 
[days] 
P1 2016/10/07 - 2016/10/19 S / M 14 13386 - 13561 -52.08 12 
P2 2016/10/19 - 2016/10/31 M / S 14 13561 - 13736 -104.73 -12 
P3 2016/10/31 - 2016/11/12 S / M 14 13736 - 13911 -53.45 12 
P4 2016/11/12 - 2016/11/24 M / S 14 13911 - 14086 6.98 -12 
P5 2016/11/24 - 2016/12/06 S / M 14 14086 - 14261 12.67 12 
P6 2016/12/06 - 2016/12/18 M / S 14 14261 - 14436 -17.43 -12 
P7 2016/12/18 - 2017/01/23 S / M 14 14436 - 14961 -56.82 36 
P8 2017/01/23 - 2017/02/04 M / S 14 14961 - 15136 6.58 -12 
P9 2017/02/04 - 2017/02/16 M / S 14 15136 - 15311 29.59 -12 
P10 2017/02/16 - 2017/02/28 M / S 14 15311 - 15486 -30.90 -12 
P11 2017/02/28 - 2017/03/12 M / S 14 15486 - 15661 -72.16 -12 
P12 2017/03/12 - 2017/03/24 S / M 14 15661 - 15836 -78.76 12 
B. prep. = Baseline perpendicular (B⊥), the spatial distance between the two satellites, and B. 
temp. = Baseline temporal, the temporal separation between image acquisitions, Mst = master 
scene, Slv = slave scene. 
Changes in grasslands in the study areas were interpreted in the context of 
meteorological conditions. Meteorological data covering the study area in Eastern 
Cape Province were obtained from the South African Weather Service 
Organization. The original climatic data consist of daily records of precipitation 
and temperature from 2014 to 2017. Land cover information was obtained based 
on the South African National Land-cover dataset produced by 
GEOTERRAIMAGE in 2013–2014, which was generated with 600 multi-seasonal 
30 m Landsat-8 multispectral images, and used in the current study to extract the 
grasslands layer (GEOTERRAIMAGE, 2014). In addition, field measurements 
were collected during a field expedition in the study area in October 2017. 
Fieldwork included a description of the test sites in the two main study locations, 
including 12 test sites in each grassland type (communal and commercial 
grasslands), and collection of GPS-points for validation of the remote sensing data 
analysis. Identification of the two grassland types was also carried out during the 
fieldwork in the study area. 
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2.3. Pre-Processing and Data Analysis 
2.3.1. InSAR Coherence Estimation 
Pre-processing of the Interferometric data included the selection of the 
suitable SLC pairs for InSAR data analysis. Splitting of Sentinel-1 (S1) data into 
sub-swaths levels covering the study area (IW2 and IW3), selecting VV 
polarization for the InSAR coherence analysis, applying a precise orbit file, 
followed by co-registration to the sub-pixel accuracy using the S1 TOPS Co-
registration algorithm. After the co-registration, coherence was calculated for 
each image pair according to: 



*
22
*
11
*
21 ||
ssss
ss
                                (1) 
Where   is the coherence value at pixel location (x,y), s1 and s2 are the complex 
values of SLC images 1 and 2 at pixel location (x,y), and * stands for the complex 
conjugation. Additionally, backscattering coefficients (σ°) for VV polarization 
were calculated for each of the Sentinel-1 images. Both backscatter intensity 
images and coherence were geocoded to the WGS84 with a pixel size of 30m x 
30m in the Universal Transverse Mercator (UTM) projection Zone 35S. Processing 
of SAR data was performed using the ESA SNAP toolbox (version 6.0). Figure 
(6.2) shows examples of the different data used in the current study.  
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Figure 6.2. (a) Calculated coherence (pair 20151013-20151025), (b) Landsat-8 
composite (4,3,2) (c) VV backscattering coefficient, and (d) grasslands layer extracted 
from the land cover dataset. 
2.3.2. Multi-temporal analysis of InSAR coherence 
We selected 12 regions of interest (ROIs) in each study location for 
grasslands monitoring during two growing seasons; drought season (2015/2016), 
and non-drought season (2016/2017). These ROIs represent different fields within 
the communal and commercial grasslands that were likely to exhibit different 
seasonal variations in the backscatter and coherence. We calculated the mean 
backscatter intensity and coherence values over each ROI for every intensity and 
coherence image. We established a time series of the mean values, and finally, we 
compared SAR backscattering and InSAR coherence time series. Figure (6.3) 
provides an overview of the entire approach adopted in the current study. 
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Figure 6.3. Flowchart of the methodology adopted in the current study. 
3. RESULTS 
3.1. InSAR Coherence Estimation 
InSAR coherence γ is the complex correlation between two complex SAR 
images and consists of a phase and a magnitude component. The magnitude 
varies between 0 and 1, at which 0 refers to no correlation and 1 to perfect 
correlation. Figure (6.4) shows the calculated InSAR coherence covering selected 
test sites in both communal and commercial grasslands in the study area. 
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Figure 6.4. InSAR coherence analysis covering different test sites in the communal and 
commercial grasslands in the study area, (a) Calculated coherence from the InSAR pair 
(20151013-20151025), (b) subset in communal grasslands, (c) subset in commercial 
grasslands, (d, e, f) different test sites in communal grasslands, and (g, h, i) different 
test sites in commercial grasslands.  
3.2. Multi-temporal analysis of InSAR coherence 
Figure (6.5) shows the results of the multi-temporal analysis of InSAR 
coherence over communal and commercial grasslands under drought and non-
drought conditions. Results showed the variations in the magnitude of coherence 
between communal and commercial grasslands during the two studied growing 
seasons. The coherence during the non-drought season (2016/2017) was higher 
than during the drought season (2015/2016). In addition, the magnitude of the 
coherence in communal grasslands was higher than in commercial grasslands. 
The variability of the coherence in communal grasslands was higher than in the 
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commercial grasslands during the drought season. This situation changed during 
the non-drought season, to be less than the variability in commercial grasslands. 
Results also showed that the coherence was lower over grasslands at the longer 
temporal baseline as compared to the minimum intervals (12-days). 
 
Figure 6.5. InSAR coherence analysis over communal and commercial grasslands 
in Eastern Cape during, (a) drought season, and (b) non-drought season. 
3.3. Comparing SAR backscattering and InSAR Coherence time series 
Figure (6.6) shows the comparison between SAR backscattering and InSAR 
coherence time series over communal and commercial grasslands in the study 
area during the two studied growing seasons. The coherence generally revealed 
high variability between communal and commercial grasslands. The non-drought 
season revealed higher variability in the coherence between ROIs than the 
drought season, and higher variability than the backscattering coefficient. 
Commercial grasslands revealed the highest variability in the coherence (between 
0.29 and 0.83) and at the same time the highest coherence values (0.83), followed 
by communal grasslands (between 0.27 and 0.71), with the highest coherence 
values (0.71) during the non-drought season. 
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Figure 6.6. Comparing SAR backscattering and InSAR coherence over grasslands in 
Eastern Cape, (a-b) commercial and communal grasslands during the drought season, 
and (c-d) commercial and communal grasslands during the non-drought season. 
Temporal variations of the backscattering coefficient and coherence 
revealed the phenological changes of grasslands in the study area. At the 
beginning of the drought season, the backscattering coefficient was low since the 
fields are dry, and thus, the incident radar signal was reflected away from the 
sensor. Only a small proportion of the emitted energy was backscattered to the 
sensor. This was followed by an increase in the backscattering after a rainfall 
event. On the other side, the coherence gradually decreased over the first part of 
the growing season (down ~ 0.2) until the onset of the vegetative phase. Following 
the onset of the vegetative phase, the reduction in the coherence observed over 
grasslands during this period coincided with the change in the backscatter.  
When the grasses reach their maximum height, the leaves change direction 
and the stem dries leading to a decrease in the backscattering. However, there is 
a slight increase in the backscattering during this period that can be explained by 
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the increase in the proportion of the transmitted signal due to the increased 
volume of vegetation. The decrease in coherence is likely to be due to the 
phenological changes. Thus, Grasses enter the senescence phase, leaves and stems 
continue to dry, and plants move towards the ground, causing a decrease in the 
backscattering. This change is also related to the decrease in the water content of 
the grasses, which affects the backscatter since dried plants have a lower dielectric 
constant.  
Additionally, we compared the multi-temporal InSAR coherence and the 
total precipitation during the drought and non-drought seasons over commercial 
and communal grasslands in the study area (Figure 6.7).  
 
Figure 6.7. Comparing InSAR coherence over communal and commercial grasslands 
in the study area in relation to Precipitation data during; (a) drought season, and (b) 
non-drought season. 
4. DISCUSSION 
We investigated the potential of multi-temporal InSAR coherence of 
Sentinel-1 SAR data for grasslands monitoring in Eastern Cape Province, which 
could be an important tool in grassland management at different spatial and 
temporal scales. While remotely sensed data are often used to monitor ecosystems 
and biodiversity (Lang et al., 2013), Optical image time-series are generally more 
reliable for identifying vegetation types with a similar physiognomy (e.g. 
grasslands) (Schuster et al., 2015). However, optical data are unsuitable for 
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monitoring of vegetation dynamics in grasslands, as they are limited to cloud-free 
periods (Claverie et al., 2012). Consequently, acquisition of optical time-series is 
unpredictable and not constant over time (Verbesselt et al., 2010). Conversely, 
Synthetic Aperture Radar (SAR) time-series are not sensitive to visibility 
conditions and can be acquired day or night (Schuster et al., 2015).  
In recent years, SAR images have been used for vegetation monitoring and 
characterization (Schmitt et al., 2012; Betbeder et al., 2014). In most studies, the 
backscattering coefficients of radar signals are used for vegetation mapping and 
monitoring. SAR interferometry (InSAR) has been poorly explored for this 
purpose (Santoro et al., 2018). However, other investigations used SAR 
interferometry on grasslands (Zalite et al., 2016), and crops (Santoro et al., 2010) 
using X- and C-bands. They demonstrate the importance of using InSAR 
coherence for vegetation monitoring. InSAR potentially more suited to the 
retrieval of biophysical parameters than the intensity of the backscattered signal 
since the vertical properties of the vegetation structure are not represented in the 
backscatter observation (Santoro et al., 2018).  
VV-polarization was selected in the current study because the signals of 
grasslands in VV backscattering were higher than in VH, and the change in the 
magnitude of the signal between grasslands types; communal and commercial 
and between the seasons; drought and non-drought, was greater in VV than in 
VH. Our results are in agreement with McNeill et al. (2010), they found that 
TerraSAR-X HH+HV backscatter performed the best among all polarization 
combinations in pasture areas in New Zealand. Voormansik et al. (2013) analyzed 
dual-polarimetric signatures of agricultural grasslands at X-band, indicating 
several potentially promising polarimetric parameters for detecting mowing 
events.  
Non-drought season revealed higher variability in the coherence between 
ROIs than the drought season, and higher variability in the backscattering 
coefficient. InSAR coherence is sensitive to the changes in surface backscattering, 
which is dominated by the surface dielectric constant and roughness on the scale 
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of the radar wavelength (Luo et al., 2001; Rocca, 2007; Simard et al., 2012). 
Temporal coherence can be influenced by temporal variations of surface 
backscattering due to changes in soil moisture, surface roughness, and vegetation 
biomass (Zhang et al., 2008; Lavalle et al., 2012).  
The signal loss due to insufficient phase coherence between SAR datasets 
is one of the main limitations of InSAR coherence analysis. This phase coherence 
over time indicates the quality of the interferometric phase. The main sources of 
the loss of coherence or decorrelation are; temporal decorrelation, spatial 
decorrelation, volume decorrelation, geometric decorrelation, and thermal noise 
from the antenna (Zebker and Villasenor, 1992; Just and Bamler, 1994). 
Additionally, the perpendicular component B⊥ of the spatial baseline is of 
importance (Ackermann et al., 2012; Askne et al., 2013). We focused in this study 
on temporal decorrelation caused by changes in the scatterers over time (between 
the acquisitions). Obtaining InSAR results when processing higher radar 
frequency bands such as C-band is challenging across vegetated areas due to 
temporal decorrelation (Zebker and Villasenor, 1992). Generally, InSAR 
coherence decreases with increasing spatial and temporal baselines between two 
images (Wegmüller, 1998; Santoro et al., 2007). Temporal decorrelation is larger 
when shorter wavelengths are used.  
Although the prediction of temporal decorrelation is extremely 
challenging, few studies have tried to simulate some components of the temporal 
decorrelation (Lavalle et al., 2012). A recent investigation by Morishita and 
Hanssen (2015) on pasture using repeat-pass multi-frequency SAR interferometry 
tried to analyze and develop a temporal decorrelation model. Ali et al., (2017) 
focused on retrieval of grassland biophysical parameters and management 
practices. Zalite et al. (2016) showed that even in case of 1-day temporal baseline, 
the interferometric coherence was shown to decrease because of an increased 
proportion of temporal decorrelation over vegetated areas (Askne et al., 2003; 
Santoro et al., 2007).  
Chapter 6. The Potential of Sentinel-1 InSAR coherence for Grasslands Monitoring 
 101
Results revealed the variations in the total precipitation between the two 
study locations. During the drought season, both communal and commercial 
grasslands received less precipitation compared to the non-drought season, 
which explains why the non-drought season had higher variability in the 
coherence than the drought season. Simard et al. (2012) found precipitation events 
to be the main cause of temporal decorrelation using fully-polarimetric airborne 
L-band acquisitions over forested landscapes with up to nine-day temporal 
baselines. Limitations of the current study include the short time series of 
Sentinel-1 data, explained by the lack of S1 data before 2015. In future work, we 
will compare multi-source InSAR data from different sensors with different 
frequencies for better monitoring of grasslands under drought and non-drought 
conditions. 
5. CONCLUSION 
In this study, we investigated the potential of Sentinel-1 InSAR data for 
monitoring and detection of the impact of drought on grasslands in Eastern Cape 
Province. Analyzed InSAR data included 12 pairs in Interferometric Wide swath 
mode covering the study area with communal and commercial grasslands during 
two seasons; drought and non-drought seasons. Results revealed that the non-
drought season showed higher variability in the coherence between ROIs than the 
drought season and higher variability in the backscattering coefficient. InSAR-
based approaches have shown potential for monitoring of grasslands under 
drought and non-drought conditions, and the regularity of Sentinel-1 data is well-
suited for InSAR applications. The potential to separate grasslands appears to be 
limited with longer temporal baseline. This potential will be improved with the 6 
days intervals that will become available with Sentinel-1B covering the study area. 
 
 
 
  
 
 
 
Chapter 7 
 
Conclusion and Outlook 
 
This chapter summarizes the main findings reported in this thesis and 
highlights the implications of using spaceborne SAR data for mapping and 
monitoring of vegetation in the arid and semi-arid environments in Africa, 
particularly the two investigated vegetation types; mangroves and grasslands. 
The chapter concludes with the conclusion and insights into the future 
perspective of this work. 
7.1. Main Findings  
Understanding the existing distribution of vegetation in the drylands of 
Africa, and changes in vegetation properties in response to climate change and 
land use change is essential for developing strategies for conservation and 
sustainable management of vegetation in this environment (Siqueira and 
Durigan, 2007). Remote sensing is considered a viable method for gathering 
information in a spatially and temporally continuous manner. It offers an efficient 
and reliable means of collecting spatial information required for assessing 
vegetation dynamics (Franklin, 2001). Although there are many advantages of 
using optical remote sensing data for vegetation mapping and monitoring, a 
major limitation is the availability of cloud-free scenes (Mitchard et al., 2011). 
Several studies have demonstrated the potential of SAR data for vegetation 
mapping and monitoring indicating that SAR-based methods can potentially 
outperform the optical remote sensing data (Almeida-Filho et al., 2009). 
To explore the potential of SAR data for mapping and monitoring of 
vegetation in the arid and semi-arid environments in Africa, we selected two main 
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case studies. They represent the two main threats affecting the distribution of 
vegetation in this environment, particularly; climate change, and human 
disturbance. The first case study is located on the Red Sea coastline in Egypt and 
focused on mangroves mapping, and the second case study is located in Eastern 
Cape Province and focused on grasslands monitoring. The findings presented in 
this thesis, including the three studies in chapters 4, 5 and 6 can be summarized 
in their contribution to scientific knowledge and the overall objectives of this 
study as follows: 
7.1.1. Objective I: Exploring the potential of ALOS PALSAR data for 
mapping of mangroves extents on the Red Sea coastline 
Mangroves are among the most productive and biologically important 
ecosystems in the world. They are highly productive ecosystems with a rich 
diversity of flora and fauna (Twilley and Rivera-Monroy, 2005). They support the 
conservation of biological diversity (Barbier and Sathiratai, 2004). They are 
considered of great ecological importance (Gedan et al., 2011), and great value to 
the local communities (FAO, 2007). Mangroves experience high yearly loss rates 
of 1-2% (Beaumont et al., 2011). High population pressure in coastal areas has led 
to the conversion of many mangrove areas to other uses (FAO, 2007). Reasons for 
this loss are for example over-cutting, over-grazing, and habitat destruction. This 
places other environmental services provided by mangroves, such as fish nursery 
areas, coastal protection, and bird roosting areas, at considerable risk. 
The study focused on mapping of mangroves extents on the Red Sea 
coastline in Egypt, through the integration of both L-band SAR data of 
ALOS/PALSAR and high resolution optical data of RapidEye. We found that the 
integrated SAR and optical data achieved the highest accuracy of 92.15% in 
classifying the five land cover types in the mangroves ecosystem. The integration 
of SAR and optical data has been shown to be a good strategy for overcoming the 
limitations of the optical data, including the availability of cloud-free scenes, and 
also coping with the limitations of SAR data for single-date information.  
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We applied an object-based approach for mapping of mangroves extents 
in the current study. This approach allowed to clearly discriminate the different 
land cover classes within the mangroves ecosystem. Additionally, the study 
focused on assessing the contribution of various features derived from both SAR 
and optical datasets including vegetation indices (VIs), and texture features 
(GLCM), as well as the PolSAR parameters derived from the ALOS/PALSAR data, 
to the overall classification accuracy, using different machine learning algorithms, 
and comparing their performance.  
Random Forest classifier achieved the highest accuracy followed by CART, 
and the lowest accuracy achieved by SVM. The addition of different features 
derived from both optical and SAR data was effective in improving the overall 
accuracy; VIs improved the classification accuracy of optical data, texture features 
improved the classification accuracy of SAR data and the accuracy of the 
integrated SAR and optical data. Texture features were much less effective when 
included with optical data. PolSAR parameters improved the classification 
accuracy of both SAR data and the integrated SAR and optical data. The addition 
of different features improved the overall accuracy into a certain margin, and 
addition of more features after this margin reduced the overall accuracy.  
The only uncertainty introduced in the accuracy assessment in the current 
study was attributed to the time gap between the acquisition times of PALSAR 
data and the optical data. However, we noticed that there was no major 
disturbance affecting the study areas within this time gap. This difference 
assumed to be insignificant for observation and mapping of woody vegetation in 
the arid and semi-arid environments (Santini et al., 2013; Kamal et al., 2015). Using 
SAR data only can still provide important landscape information. This result 
confirms SAR role in forest and vegetation mapping and suggests that in the areas 
affected by optical data loss because of the atmospheric conditions, SAR data can 
be integrated with the available optical data.  
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Using L-band SAR data was beneficial for mapping of mangroves because 
of the high penetration of L-band into the canopy, HH polarization has been 
found to be sensitive for detecting water beneath canopy (Hess et al., 1995), 
whereas HV polarization has been known for its sensitivity to volume scattering 
and biomass (Bourgeau-Chavez et al., 2009). Compared to single-polarized SAR 
data, the dual-polarimetric SAR data provided much more information about the 
backscattering mechanism of the mangroves ecosystem. Therefore, dual-
polarimetric SAR data enables a more detailed mapping of mangroves. The study 
showed that using L-band SAR data provided by ALOS PALSAR combined with 
the high resolution optical data of RapidEye is very useful in mapping mangroves 
extents growing in fractions and small patches on the Red Sea coastline.  
7.1.2. Objective II: Assessing the impact of drought on grasslands in 
Eastern Cape Province using multi-temporal Sentinel-1 data 
Grasslands are a major component of the natural vegetation in South 
Africa, it covers almost one-third of the country’s land surface, supporting 
human, fauna and flora populations by providing numerous goods and services 
(White et al., 2000). Drought has been one of the major factors influencing 
vegetation dynamics in grasslands (Cook et al., 2007) with substantial social and 
economic consequences. There is a critical need to understand how drought 
affects grasslands, in part because drought severity and drought-associated 
grasslands disturbances are expected to increase with the climatic change that 
might lead to a potential degradation. Better management of grasslands is of great 
importance for profitability and sustainability. 
The study focused on assessing the impact of drought on communal and 
commercial grasslands in Eastern Cape using multi-temporal SAR data of 
Sentinel-1. Several studies used remote sensing data for vegetation monitoring, 
but SAR applications for grasslands monitoring have been much less relative to 
optical data. The reasons for this include limited availability of SAR data, and 
complex data structures relative to optical data. This condition changed after the 
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launch of Sentinel-1 SAR data (Torres et al., 2012). The availability of multi-
temporal SAR data of Sentinel-1 with high temporal and spatial resolution allows 
for the analysis of seasonal variation, and retrieval of the biophysical parameters 
of grasslands.  
Multi-temporal NDVI data extracted from Landsat-8 were used to 
contribute to our understanding of the ability of SAR data for monitoring of 
grasslands and detection of the impact of drought. Results showed that the signals 
of grasslands in VV backscattering were higher than in VH backscattering. Results 
also revealed a positive correlation between SAR backscattering and NDVI in 
both communal and commercial grasslands, with higher correlation of VH 
backscattering with NDVI in communal grasslands. A linear mixed-effects 
regression analysis was performed for detecting the impact of drought stress on 
communal and commercial grasslands in the study area. Results showed that 
vegetation dynamics in grasslands in the study area are highly responsive to 
climatic fluctuations. A significant correlation between backscattering coefficients 
of Sentinel-1 SAR data (VH and VV) and NDVI derived from Landsat-8 was 
observed for both communal and commercial grasslands (R2 = 0.89).  
Regression analysis revealed that communal grasslands are more affected 
by the impact of drought than commercial grasslands. Communal grasslands are 
often cited as more vulnerable to the impact of drought (Pelser et al., 2005), due to 
unsustainable use of resources, while in commercial grasslands, management 
activities including; organizing the livestock grazing, firing, resting the fields, and 
grasslands mowing, were able to improve the growing conditions of commercial 
grasslands, reduced the impact of drought stress, and subsequently increased the 
grasslands resilience and productivity. The study demonstrated the feasibility of 
using multi-temporal SAR data of Sentinel-1 for grasslands monitoring and 
detection of the impact of drought on communal and commercial grasslands. 
Limitations of the study include the short time series of SAR data, explained by 
the lack of Sentinel-1 data before 2015. 
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7.1.3. Objective III: Evaluating the potential of InSAR coherence of 
Sentinel-1 for grasslands monitoring in Eastern Cape Province 
This study focused on assessing the potential of InSAR coherence for 
grasslands monitoring in Eastern Cape. In contrast to SAR backscattering 
analysis, InSAR exploits the phase component of the microwave signal. It uses the 
phase difference between two SAR images covering the same area but acquired 
at different times to detect surface changes. InSAR has been shown to be a 
powerful technique for vegetation monitoring and potentially more sensitive to 
changes in the land surface than backscattering variations alone.  
We selected 12 regions of interest (ROIs) in two grasslands study locations 
with communal and commercial grasslands during two growing seasons, 
drought season (2015/2016), and non-drought season (2016/2017). These ROIs 
represent different grasslands fields within the communal and commercial 
grasslands in Eastern Cape Province that were likely to exhibit different seasonal 
variations in the SAR backscattering and InSAR coherence. Multi-temporal 
analysis of InSAR coherence showed a large variability during the two growing 
seasons of the study.  
Results revealed the variations in the magnitude of coherence between 
communal and commercial grasslands during the two studied growing seasons. 
Non-drought season revealed higher variability in the coherence between ROIs 
than the drought season. In addition, the magnitude of the coherence in 
communal grasslands was higher than in commercial grasslands. The variability 
of the coherence in communal grasslands was higher than in the commercial 
grasslands during the drought season. This situation changed during the non-
drought season, to be less than the variability in commercial grasslands.  
The coherence generally revealed high variability between communal and 
commercial grasslands. Commercial grasslands revealed the highest variability in 
the coherence (between 0.29 and 0.83) and at the same time the highest coherence 
values (0.83), followed by communal grasslands (between 0.27 and 0.71), with the 
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highest coherence values (0.71) during the non-drought season. Results revealed 
the variations in the total precipitation between the two study locations. During 
the drought season, both communal and commercial grasslands received less 
precipitation compared to the non-drought season, which explains why the 
variability in the coherence of the non-drought season was higher in comparison 
to the variability in the coherence of the drought season. The study demonstrated 
that InSAR coherence has shown potential for monitoring and detection of the 
impact of drought on grasslands and the regularity of Sentinel-1 data is well-
suited for InSAR applications. 
7.3. CONCLUSION 
Drylands are under constant threat from multiple stresses and challenges, 
which occur as a result of a complex interaction of natural processes (such as 
climate variability, high temperatures, and high potential evapotranspiration), 
and human-induced processes caused by unsustainable and inadequate land use 
practices (Reynolds et al., 2005). More than half of the African continent can be 
classified as a dryland system that is characterized by low rainfall and high 
evapotranspiration (Templeton, 2002). Vegetation degradation is common in the 
drylands of Africa and this directly leads to soil degradation and desertification 
(Middleton and D. Thomas, 1997). Desertification threatens the sustainability of 
the land, and is believed to be one of the most serious global environmental 
problems. The UNCCD definition of desertification emphasizes two main 
causative factors, notably climatic variations and human activities; particularly 
removal of natural vegetation cover (UNCCD, 2005). 
Understanding the existing distribution of vegetation in the drylands of 
Africa, and changes in vegetation properties in response to climate change and 
land use change is essential for the conservation and sustainable management of 
vegetation in this environment. This thesis focused on mapping and monitoring 
of vegetation in the arid and semi-arid environments in Africa. Assessment of the 
state of vegetation and their dynamics relies on the use of optical remote sensing 
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data. Although there are many advantages of using optical remote sensing data, 
a major limitation is the availability of cloud-free scenes, which stimulates studies 
of other remote sensing data sources such as SAR data. SAR data have been used 
to complement the cloud problems of optical sensor images because SAR data are 
not influenced by weather conditions. 
This thesis highlights the potential and limitations of Spaceborne SAR 
remote sensing data for mapping and monitoring of vegetation dynamics in the 
arid and semi-arid environments. SAR technology is a potentially efficient 
approach for assessing, detecting, and analyzing vegetation dynamics, 
particularly in remote areas of the arid and semi-arid environments, which 
characterized by limited accessibility, large spatial extension, and inefficiency of 
traditional means of ground survey. 
Although the working title gives priority to the use of Spaceborne SAR 
data for mapping and monitoring of vegetation, the emphasis is also put on the 
advantages of the synergetic application of SAR sensors and the combination with 
optical data. In the first study in this thesis, ALOS PALSAR data was integrated 
with high resolution optical data of RapidEye for mapping of mangroves extent 
on the Red Sea coastline. In the second study, Sentinel-1 SAR and Landsat-8 data 
were used for assessing and detecting the impact of drought on grasslands in 
Eastern Cape Province. 
This research allows to highlight the following points related to the 
potential of SAR data for mapping and monitoring of vegetation in the arid and 
semi-arid environments, based on the two main case studies: 
(a) Mapping of Mangroves Extents 
 Using SAR data of ALOS/PALSAR integrated with optical data of RapidEye 
was very useful in the mapping of mangroves extents growing on the Red Sea 
coastline, showing the effectiveness of integrating different data types for 
mangroves mapping. 
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 Applying the Object-based Image Analysis (OBIA) approach for mangroves 
mapping allowed to clearly discriminating the different land cover classes 
within the mangroves ecosystem. 
 Random forest classifier achieved the highest performance followed by 
CART, and the lowest accuracy achieved by SVM.  
 Vegetation indices improved the overall accuracy of the optical data 
classification, while texture features and PolSAR parameters improved the 
overall accuracy of SAR data, and the integrated SAR and optical data 
classifications. 
 The produced maps provided accurate information on the spatial distribution 
of mangroves in the study area, which is required for the conservation and 
sustainable management of mangroves in this area. 
(b) Monitoring of Grasslands 
 The availability of multi-temporal SAR data of Sentinel-1 with high temporal 
and spatial resolution allows for the analysis of seasonal variation in 
grasslands and retrieval of the biophysical parameters.  
 The obtained spatial knowledge allows an improved understanding of the 
impact of drought on grasslands. 
 The study revealed the seasonal dynamics of grasslands in the study area and 
provided insights into explaining the response of communal and commercial 
grasslands to the changes in precipitation and the impact of drought. 
 The study revealed that communal grasslands are more affected by drought 
than commercial grasslands. Management activities improved the growing 
conditions of commercial grasslands. 
 The study demonstrated the feasibility of using multi-temporal SAR data of 
Sentinel-1 for grasslands monitoring and detection of the impact of drought 
on communal and commercial grasslands.   
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 InSAR coherence has shown potential for grasslands monitoring under 
drought and non-drought conditions, and the regularity of Sentinel-1 data is 
well-suited for InSAR applications.  
 The generated spatial data can contribute to the policy and decision‐making 
process on the conservation and sustainable management of vegetation in the 
drylands of Africa. 
 Data availability and quality are crucial factors for successful applications of 
Spatio-temporal analyses for mapping and monitoring of vegetation in the 
arid and semi-arid environments. 
7.4. Outlook  
The thesis focused on the potential of spaceborne SAR data for mapping 
and monitoring of vegetation dynamics in the arid and semi-arid environments 
in Africa. In this section, we would like to point out new challenges and 
perspectives for dedicated research in the field of SAR remote sensing for 
environmental monitoring. 
In chapter 4, we evaluated the potential of ALOS/PALSAR for mapping of 
mangroves extents on the Red Sea coastline using object-based image analysis 
method, through applying different machine learning algorithms, and evaluating 
various features and parameters for the discrimination of mangroves ecosystem. 
This method used only one date of ALOS/ PASAR data. Using multi-temporal 
SAR data for mapping of mangroves will provide more insights on the temporal 
change in the mangroves, as well as improve the understanding of the driving 
forces affecting the distribution of mangroves in the study area.  
Recommendations are made to use ALOS-2 PALSAR for monitoring of 
mangroves ecosystems with a higher spatial and temporal resolution of SAR data, 
as well as using other parameters such decomposition of polarimetric SAR data 
for better discrimination and identification of mangroves ecosystems based on the 
different scattering mechanisms. Recommendations also are made for further 
analysis on the remote sensing of mangroves including applying InSAR data 
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analysis for assessing vegetation height and biomass. Additionally, this study 
focused on a small area on the Red Sea coastline. Suggestions are made to extend 
the coverage of the study area to include large study areas with different 
mangroves extents. 
In chapters 5 and 6, we used SAR backscattering and InSAR coherence for 
monitoring of grasslands and assessing the impact drought on communal and 
commercial grasslands in Eastern Cape Province. This method used a short time 
series of Sentinel-1 SAR data, explained by the lack of S1 data before 2015. 
Recommendations are made to combine multi-source and multi-frequency SAR 
data with longer time series to avoid the short time series of Sentinel-1 data, for 
better prediction of the impact of drought on grasslands. In addition, 
Recommendations are made to integrate SAR data with high resolution and high 
temporal optical data such as Sentinel-2 for improved monitoring of the impact 
of drought on grasslands. 
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Appendices 
 
Appendix 1. Backscattering coefficients of VH polarization in (dB) extracted from 
Sentinel-1 SAR data, covering the commercial grasslands in the study area in Eastern 
Cape, during the first (2015/2016) and second (2016/2017) growing seasons. 
G Date S1 S2 S3 S4 S5 S6 
1 13-Oct-15 -21.45 -21.29 -20.69 -21.97 -22.35 -20.29 
1 25-Oct-15 -18.87 -19.32 -19.31 -17.83 -20.32 -18.87 
1 6-Nov-15 -22.90 -23.23 -21.76 -22.13 -22.60 -21.32 
1 30-Nov-15 -21.15 -21.53 -21.77 -21.83 -22.72 -22.18 
1 12-Dec-15 -21.48 -22.01 -21.77 -23.30 -21.15 -22.81 
1 24-Dec-15 -21.27 -22.02 -22.86 -23.45 -23.73 -23.03 
1 5-Jan-16 -21.47 -22.42 -22.62 -23.67 -22.82 -23.00 
1 17-Jan-16 -20.57 -21.15 -21.76 -21.56 -22.53 -21.73 
1 29-Jan-16 -20.23 -19.47 -18.34 -22.08 -22.94 -20.90 
1 10-Feb-16 -21.51 -22.63 -21.13 -21.97 -22.86 -21.43 
1 22-Feb-16 -21.58 -21.88 -21.02 -21.46 -22.49 -21.35 
1 5-Mar-16 -21.64 -21.83 -21.53 -22.17 -22.18 -21.51 
   S7 S8 S9 S10 S11 S12 
1 13-Oct-15 -21.24 -22.82 -21.26 -20.20 -21.35 -21.23 
1 25-Oct-15 -19.76 -18.95 -19.04 -18.82 -19.99 -20.13 
1 6-Nov-15 -21.37 -22.29 -21.93 -22.17 -22.72 -22.50 
1 30-Nov-15 -21.57 -21.85 -21.71 -20.88 -22.16 -21.62 
1 12-Dec-15 -21.41 -20.19 -19.23 -18.31 -19.75 -19.36 
1 24-Dec-15 -21.63 -22.05 -21.80 -22.67 -22.10 -23.17 
1 5-Jan-16 -22.29 -21.89 -21.29 -22.05 -22.10 -23.40 
1 17-Jan-16 -20.65 -21.62 -21.29 -20.71 -20.98 -22.45 
1 29-Jan-16 -20.34 -21.28 -20.08 -18.99 -20.53 -21.06 
1 10-Feb-16 -21.57 -22.32 -21.12 -21.54 -22.06 -22.61 
1 22-Feb-16 -21.01 -22.16 -21.41 -20.73 -22.09 -22.48 
1 5-Mar-16 -21.50 -22.85 -21.39 -21.85 -22.17 -22.12 
     S1 S2 S3 S4 S5 S6 
1 7-Oct-16 -23.40 -23.95 -22.49 -23.26 -23.77 -22.40 
1 19-Oct-16 -20.61 -21.96 -22.69 -22.42 -23.71 -21.78 
1 12-Nov-16 -20.08 -20.42 -20.66 -21.34 -21.83 -20.87 
1 24-Nov-16 -20.70 -22.21 -21.87 -21.88 -22.26 -21.21 
1 6-Dec-16 -21.75 -22.58 -21.57 -22.32 -22.86 -21.74 
1 18-Dec-16 -21.55 -21.98 -20.74 -21.35 -22.40 -21.33 
1 11-Jan-17 -20.58 -21.85 -21.20 -22.82 -22.65 -22.24 
1 23-Jan-17 -22.01 -21.14 -18.23 -18.89 -19.94 -19.26 
1 4-Feb-17 -20.11 -20.82 -19.93 -20.88 -21.16 -20.35 
1 16-Feb-17 -20.21 -20.23 -19.78 -21.26 -21.24 -20.80 
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1 12-Mar-17 -21.22 -20.29 -20.55 -21.38 -22.48 -20.78 
1 24-Mar-17 -19.52 -20.07 -18.03 -19.60 -20.47 -19.57 
   S7 S8 S9 S10 S11 S12 
1 7-Oct-16 -21.59 -22.58 -24.86 -24.23 -25.41 -23.54 
1 19-Oct-16 -21.35 -23.06 -24.59 -23.51 -25.77 -23.87 
1 12-Nov-16 -20.88 -21.87 -22.14 -20.09 -20.99 -22.71 
1 24-Nov-16 -20.47 -22.34 -22.81 -20.16 -22.96 -21.80 
1 6-Dec-16 -20.64 -22.90 -22.05 -21.31 -22.53 -22.51 
1 18-Dec-16 -20.30 -22.65 -22.03 -21.17 -22.68 -21.57 
1 11-Jan-17 -21.15 -23.03 -22.02 -20.85 -21.46 -23.29 
1 23-Jan-17 -18.62 -18.52 -17.66 -18.30 -18.35 -18.40 
1 4-Feb-17 -20.78 -20.11 -20.95 -20.24 -20.15 -21.65 
1 16-Feb-17 -20.27 -20.98 -20.80 -19.86 -21.05 -21.43 
1 12-Mar-17 -20.34 -22.22 -22.19 -20.76 -22.75 -21.58 
1 24-Mar-17 -18.60 -19.01 -20.18 -18.91 -19.40 -19.92 
 
Appendix 2. Backscattering coefficients of VH polarization in (dB) extracted from 
Sentinel-1 SAR data, covering the communal grasslands in the study area in Eastern Cape, 
during the first (2015/2016) and second (2016/2017) growing seasons. 
G Date S1 S2 S3 S4 S5 S6 
2 13-Oct-15 -24.93 -25.62 -22.63 -20.28 -25.22 -20.30 
2 25-Oct-15 -20.79 -22.98 -22.41 -19.11 -22.64 -19.89 
2 6-Nov-15 -24.53 -25.23 -22.34 -19.37 -25.03 -20.45 
2 30-Nov-15 -24.41 -25.30 -22.63 -20.23 -25.19 -20.46 
2 12-Dec-15 -24.67 -25.08 -22.49 -19.56 -25.33 -20.91 
2 24-Dec-15 -25.07 -24.16 -21.96 -18.91 -24.76 -19.93 
2 5-Jan-16 -26.25 -25.61 -24.10 -20.88 -26.00 -21.86 
2 17-Jan-16 -26.05 -25.56 -23.81 -20.92 -25.74 -21.69 
2 29-Jan-16 -25.36 -25.66 -22.72 -20.27 -24.70 -21.16 
1 10-Feb-16 -24.05 -23.76 -21.10 -19.19 -23.69 -20.88 
2 22-Feb-16 -22.87 -23.50 -21.60 -19.47 -21.83 -21.24 
2 5-Mar-16 -23.01 -23.20 -20.92 -19.57 -21.48 -21.07 
   S7 S8 S9 S10 S11 S12 
2 13-Oct-15 -21.45 -22.47 -21.49 -24.31 -21.70 -23.37 
2 25-Oct-15 -21.17 -21.06 -20.30 -23.87 -21.08 -22.68 
2 6-Nov-15 -21.24 -21.54 -20.92 -24.01 -21.36 -23.55 
2 30-Nov-15 -20.83 -22.95 -20.49 -24.59 -22.55 -24.29 
2 12-Dec-15 -21.75 -22.16 -21.72 -24.41 -22.76 -22.41 
2 24-Dec-15 -20.64 -20.38 -19.16 -24.02 -22.77 -21.20 
2 5-Jan-16 -22.27 -23.42 -21.97 -24.62 -23.35 -24.53 
2 17-Jan-16 -22.37 -23.13 -21.92 -24.32 -23.31 -22.75 
2 29-Jan-16 -22.11 -22.15 -21.43 -24.27 -22.52 -21.96 
2 10-Feb-16 -21.50 -21.98 -21.39 -22.98 -21.55 -21.27 
2 22-Feb-16 -21.18 -22.16 -21.63 -22.51 -21.18 -21.22 
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2 5-Mar-16 -21.37 -21.36 -21.01 -22.33 -21.77 -21.80 
     S1 S2 S3 S4 S5 S6 
2 7-Oct-16 -24.64 -25.31 -22.89 -20.82 -25.12 -21.60 
2 19-Oct-16 -22.58 -25.27 -22.82 -20.63 -25.51 -21.46 
2 12-Nov-16 -20.87 -25.22 -21.14 -19.23 -24.06 -20.69 
2 24-Nov-16 -21.53 -25.09 -22.71 -19.59 -24.92 -20.88 
2 6-Dec-16 -24.18 -25.19 -23.62 -20.02 -24.86 -21.16 
2 18-Dec-16 -23.66 -24.15 -22.62 -19.47 -24.19 -21.15 
2 11-Jan-17 -24.34 -25.56 -23.23 -19.32 -25.05 -20.43 
2 23-Jan-17 -17.33 -22.12 -18.91 -18.54 -21.72 -19.69 
2 4-Feb-17 -21.01 -22.33 -19.61 -19.01 -21.69 -20.16 
2 16-Feb-17 -21.20 -22.15 -19.37 -18.54 -21.21 -19.83 
2 12-Mar-17 -23.52 -22.37 -21.14 -18.76 -22.63 -20.49 
2 24-Mar-17 -20.45 -20.18 -19.64 -18.46 -21.12 -19.69 
   S7 S8 S9 S10 S11 S12 
2 7-Oct-16 -22.41 -21.98 -22.27 -23.80 -22.49 -22.11 
2 19-Oct-16 -22.12 -22.06 -22.20 -24.37 -22.13 -21.91 
2 12-Nov-16 -20.47 -21.83 -20.57 -22.63 -21.90 -20.84 
2 24-Nov-16 -20.89 -21.51 -21.33 -23.30 -22.30 -21.20 
2 6-Dec-16 -21.56 -22.88 -20.95 -24.26 -22.05 -22.21 
2 18-Dec-16 -21.31 -21.86 -20.84 -23.37 -22.15 -21.46 
2 11-Jan-17 -21.15 -22.64 -19.93 -24.39 -23.17 -21.10 
2 23-Jan-17 -19.77 -20.06 -19.26 -21.25 -20.81 -20.20 
2 4-Feb-17 -21.06 -21.28 -19.95 -21.86 -21.83 -21.07 
2 16-Feb-17 -20.65 -20.73 -19.37 -21.34 -21.32 -18.89 
2 12-Mar-17 -21.46 -21.74 -20.28 -22.08 -20.94 -21.21 
2 24-Mar-17 -20.02 -20.02 -19.34 -20.77 -20.65 -20.46 
 
 
Appendix 3. Backscattering coefficients of VV polarization in (dB) extracted from 
Sentinel-1 SAR data, covering the commercial grasslands in the study area in Eastern 
Cape, during the first (2015/2016) and second (2016/2017) growing seasons. 
G Date S1 S2 S3 S4 S5 S6 
1 13-Oct-15 -14.72 -14.21 -15.19 -16.33 -16.07 -14.29 
1 25-Oct-15 -13.05 -12.78 -13.14 -13.29 -14.18 -13.46 
1 6-Nov-15 -13.75 -15.56 -14.89 -14.82 -16.33 -15.37 
1 30-Nov-15 -15.33 -16.82 -16.04 -15.94 -17.60 -16.53 
1 12-Dec-15 -16.07 -16.19 -16.13 -17.22 -16.16 -17.28 
1 24-Dec-15 -15.93 -17.00 -17.16 -17.57 -18.24 -18.02 
1 5-Jan-16 -15.62 -17.55 -16.13 -17.46 -17.56 -17.41 
1 17-Jan-16 -15.07 -14.91 -14.78 -15.28 -16.85 -16.00 
1 29-Jan-16 -15.43 -14.88 -13.42 -15.08 -17.33 -15.90 
1 10-Feb-16 -16.19 -16.46 -16.04 -15.87 -17.40 -16.02 
1 22-Feb-16 -16.94 -16.75 -14.54 -15.20 -17.20 -15.94 
1 5-Mar-16 -16.38 -16.23 -15.94 -16.34 -17.46 -16.32 
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   S7 S8 S9 S10 S11 S12 
1 13-Oct-15 -14.77 -13.67 -14.79 -14.60 -14.59 -14.80 
1 25-Oct-15 -14.08 -11.26 -13.76 -12.52 -13.58 -13.23 
1 6-Nov-15 -14.79 -15.98 -15.53 -14.84 -16.38 -15.27 
1 30-Nov-15 -16.29 -16.61 -16.53 -15.55 -16.24 -17.22 
1 12-Dec-15 -17.35 -14.28 -14.23 -14.16 -14.55 -13.87 
1 24-Dec-15 -17.77 -17.15 -16.49 -17.23 -16.88 -18.44 
1 5-Jan-16 -17.06 -17.26 -16.37 -16.68 -16.31 -16.31 
1 17-Jan-16 -15.74 -16.57 -15.85 -14.24 -15.83 -16.97 
1 29-Jan-16 -16.23 -16.87 -14.87 -14.20 -15.24 -15.38 
1 10-Feb-16 -17.10 -17.99 -16.10 -15.90 -16.93 -16.63 
1 22-Feb-16 -16.65 -17.10 -15.75 -14.59 -16.27 -16.57 
1 5-Mar-16 -16.06 -16.85 -15.53 -16.61 -17.40 -15.91 
     S1 S2 S3 S4 S5 S6 
1 7-Oct-16 -17.03 -19.82 -17.11 -15.61 -18.32 -16.74 
1 19-Oct-16 -15.14 -15.26 -16.79 -15.34 -17.94 -16.43 
1 12-Nov-16 -14.96 -15.03 -15.26 -16.67 -15.75 -15.63 
1 24-Nov-16 -16.33 -16.58 -16.25 -16.10 -16.92 -16.26 
1 6-Dec-16 -16.62 -17.69 -16.12 -16.70 -17.23 -16.77 
1 18-Dec-16 -16.40 -16.72 -15.11 -15.30 -17.37 -15.90 
1 11-Jan-17 -16.76 -16.99 -16.24 -16.88 -17.90 -16.88 
1 23-Jan-17 -15.94 -17.12 -13.56 -14.30 -15.34 -14.41 
1 4-Feb-17 -15.56 -16.26 -14.36 -15.35 -16.34 -15.47 
1 16-Feb-17 -15.39 -15.90 -14.31 -15.97 -16.40 -15.17 
1 12-Mar-17 -16.20 -16.82 -15.31 -15.87 -17.54 -15.88 
1 24-Mar-17 -15.58 -15.98 -13.50 -15.32 -15.63 -14.52 
   S7 S8 S9 S10 S11 S12 
1 7-Oct-16 -16.58 -17.08 -17.98 -16.24 -19.74 -17.83 
1 19-Oct-16 -15.74 -17.21 -17.65 -15.19 -18.90 -17.22 
1 12-Nov-16 -15.79 -14.55 -15.96 -14.32 -14.91 -16.82 
1 24-Nov-16 -15.95 -15.12 -16.37 -14.73 -17.72 -16.56 
1 6-Dec-16 -16.20 -17.29 -16.74 -16.03 -16.41 -17.13 
1 18-Dec-16 -15.95 -16.68 -16.78 -14.88 -17.11 -15.52 
1 11-Jan-17 -15.57 -16.41 -16.68 -14.91 -15.60 -16.31 
1 23-Jan-17 -13.70 -13.82 -13.01 -13.16 -12.71 -12.01 
1 4-Feb-17 -15.46 -15.34 -14.67 -14.67 -14.56 -16.06 
1 16-Feb-17 -15.30 -15.16 -15.80 -13.91 -15.83 -15.81 
1 12-Mar-17 -15.96 -17.70 -17.00 -15.54 -17.18 -16.37 
1 24-Mar-17 -15.00 -14.29 -14.65 -13.93 -15.04 -14.35 
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Appendix 4. Backscattering coefficients of VV polarization in (dB) extracted from 
Sentinel-1 SAR data, covering the communal grasslands in the study area in Eastern 
Cape, during the first (2015/2016) and second (2016/2017) growing seasons. 
G Date S1 S2 S3 S4 S5 S6 
2 13-Oct-15 -17.11 -18.03 -17.39 -14.82 -18.06 -14.79 
2 25-Oct-15 -11.80 -12.80 -16.95 -13.17 -12.69 -14.20 
2 6-Nov-15 -17.31 -18.58 -16.53 -14.61 -17.77 -15.22 
2 30-Nov-15 -17.06 -18.12 -15.78 -14.64 -18.04 -15.34 
2 12-Dec-15 -17.97 -18.76 -18.29 -15.44 -18.99 -16.88 
2 24-Dec-15 -18.79 -16.34 -18.13 -14.65 -17.20 -15.04 
2 5-Jan-16 -18.72 -19.69 -18.14 -16.37 -19.05 -17.29 
2 17-Jan-16 -18.50 -19.65 -18.22 -16.31 -19.24 -17.09 
2 29-Jan-16 -16.72 -18.08 -14.80 -14.95 -17.18 -15.30 
1 10-Feb-16 -17.13 -17.50 -17.07 -15.57 -16.74 -17.13 
2 22-Feb-16 -16.54 -16.55 -17.18 -15.49 -16.21 -17.32 
2 5-Mar-16 -17.18 -16.64 -16.71 -15.37 -15.43 -16.88 
   S7 S8 S9 S10 S11 S12 
2 13-Oct-15 -15.60 -17.49 -15.63 -17.37 -16.20 -16.97 
2 25-Oct-15 -13.53 -14.95 -13.31 -17.11 -15.79 -15.71 
2 6-Nov-15 -15.82 -17.11 -15.67 -17.65 -16.21 -17.36 
2 30-Nov-15 -14.82 -17.62 -14.08 -17.97 -16.98 -17.29 
2 12-Dec-15 -16.76 -18.47 -16.13 -19.11 -17.87 -17.30 
2 24-Dec-15 -14.58 -15.98 -12.88 -18.82 -17.08 -16.38 
2 5-Jan-16 -17.58 -19.51 -16.91 -19.77 -18.32 -18.74 
2 17-Jan-16 -17.98 -19.44 -16.55 -18.73 -18.23 -17.63 
2 29-Jan-16 -15.87 -17.40 -14.68 -17.89 -16.95 -15.74 
2 10-Feb-16 -16.40 -17.82 -16.72 -17.11 -17.39 -15.98 
2 22-Feb-16 -17.24 -17.72 -16.57 -16.96 -17.15 -15.97 
2 5-Mar-16 -16.94 -17.61 -14.87 -16.98 -17.33 -16.39 
     S1 S2 S3 S4 S5 S6 
2 7-Oct-16 -17.81 -19.55 -17.98 -16.36 -18.87 -17.05 
2 19-Oct-16 -13.21 -18.65 -18.32 -16.29 -18.63 -16.48 
2 12-Nov-16 -12.05 -16.77 -13.39 -14.82 -17.79 -14.48 
2 24-Nov-16 -12.88 -18.28 -17.91 -15.83 -18.72 -16.76 
2 6-Dec-16 -17.21 -19.03 -18.05 -16.02 -19.23 -16.28 
2 18-Dec-16 -17.06 -15.82 -17.40 -15.25 -16.43 -16.58 
2 11-Jan-17 -16.58 -19.38 -16.59 -15.27 -19.85 -14.75 
2 23-Jan-17 -10.01 -12.73 -12.94 -13.90 -12.64 -14.14 
2 4-Feb-17 -11.47 -12.79 -12.21 -14.57 -12.38 -14.15 
2 16-Feb-17 -12.97 -14.32 -12.87 -14.11 -13.09 -14.48 
2 12-Mar-17 -16.63 -16.02 -16.68 -15.12 -16.84 -16.47 
2 24-Mar-17 -13.12 -13.86 -14.78 -14.21 -14.33 -14.45 
   S7 S8 S9 S10 S11 S12 
2 7-Oct-16 -17.08 -18.61 -17.04 -18.26 -18.66 -17.60 
2 19-Oct-16 -17.05 -18.64 -17.27 -18.93 -18.22 -16.78 
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2 12-Nov-16 -13.86 -16.85 -13.97 -16.42 -16.72 -15.48 
2 24-Nov-16 -17.51 -17.84 -16.68 -17.95 -17.67 -16.66 
2 6-Dec-16 -17.04 -19.20 -16.49 -18.93 -17.75 -17.07 
2 18-Dec-16 -16.65 -17.85 -16.40 -17.89 -17.73 -17.05 
2 11-Jan-17 -15.16 -17.84 -14.60 -19.18 -17.61 -15.45 
2 23-Jan-17 -13.38 -15.48 -14.41 -12.49 -15.78 -15.27 
2 4-Feb-17 -14.10 -16.02 -14.83 -12.66 -15.30 -15.93 
2 16-Feb-17 -14.41 -16.37 -14.50 -12.96 -15.65 -13.77 
2 12-Mar-17 -16.74 -18.05 -16.45 -16.30 -16.67 -16.43 
2 24-Mar-17 -14.77 -16.30 -15.71 -14.19 -16.19 -14.65 
 
Appendix 5. InSAR coherence of VV polarization extracted from Sentinel-1 InSAR 
data, covering the commercial grasslands in the study area in Eastern Cape, during 
the first (2015/2016) and second (2016/2017) growing seasons. 
G Pairs S1 S2 S3 S4 S5 S6 
1 13Oct15 - 25Oct15 0.3745 0.4579 0.3824 0.3736 0.3735 0.4740 
1 12Dec15 - 05Jan16 0.4631 0.4901 0.4289 0.5526 0.3183 0.5216 
1 05Jan16 - 29Jan16 0.4331 0.3730 0.2778 0.5327 0.5275 0.4731 
1 05Jan16 - 22Feb16 0.3620 0.3291 0.3592 0.4498 0.3717 0.3671 
1 05Jan16 - 05Mar16 0.3741 0.3317 0.3463 0.5102 0.3692 0.3670 
1 05Jan16 - 17Mar16 0.3190 0.3225 0.2909 0.3283 0.3343 0.3274 
1 29Jan16 - 22Feb16 0.4193 0.3645 0.2792 0.5707 0.4191 0.4833 
1 29Jan16 - 05Mar16 0.3874 0.3280 0.3150 0.5306 0.3711 0.4688 
1 29Jan16 - 17Mar16 0.3985 0.3865 0.3176 0.3522 0.3216 0.3564 
1 22Feb16 - 05Mar16 0.4907 0.4866 0.4834 0.6250 0.4555 0.5484 
1 22Feb16 - 17Mar16 0.4058 0.4189 0.4277 0.4295 0.3654 0.4109 
1 05Mar16 - 17Mar16 0.4191 0.4497 0.4053 0.3714 0.4445 0.4171 
   S7 S8 S9 S10 S11 S12 
1 13Oct15 - 25Oct15 0.4460 0.5853 0.3610 0.3907 0.3148 0.2991 
1 12Dec15 - 05Jan16 0.4125 0.3034 0.2975 0.3334 0.3277 0.3196 
1 05Jan16 - 29Jan16 0.3106 0.3370 0.3070 0.3181 0.3062 0.2842 
1 05Jan16 - 22Feb16 0.3194 0.3604 0.3523 0.3749 0.3538 0.3157 
1 05Jan16 - 05Mar16 0.2968 0.3241 0.3341 0.3895 0.3302 0.3429 
1 05Jan16 - 17Mar16 0.3265 0.3308 0.3232 0.3440 0.3459 0.3034 
1 29Jan16 - 22Feb16 0.3940 0.4016 0.3064 0.4009 0.3151 0.3669 
1 29Jan16 - 05Mar16 0.2903 0.3324 0.3237 0.3413 0.2921 0.3366 
1 29Jan16 - 17Mar16 0.2955 0.3082 0.3203 0.3575 0.2715 0.3065 
1 22Feb16 - 05Mar16 0.3686 0.5343 0.4403 0.4739 0.4850 0.5610 
1 22Feb16 - 17Mar16 0.3066 0.3877 0.3794 0.4138 0.4103 0.4154 
1 05Mar16 - 17Mar16 0.4519 0.4083 0.4374 0.3931 0.3888 0.4234 
     S1 S2 S3 S4 S5 S6 
1 07Oct16 - 19Oct16 0.4664 0.4911 0.6531 0.8317 0.6305 0.4961 
1 19Oct16 - 31Oct16 0.4050 0.4144 0.4876 0.7462 0.5534 0.4866 
1 31Oct16 - 12Nov16 0.3965 0.3772 0.3661 0.3509 0.4536 0.3712 
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1 12Nov16 - 24Nov16 0.6013 0.4762 0.3460 0.4237 0.5521 0.4734 
1 24Nov16 - 06Dec16 0.4261 0.4033 0.3162 0.4784 0.4774 0.4776 
1 06Dec16 - 18Dec16 0.4435 0.4518 0.3374 0.5547 0.4649 0.4643 
1 18Dec16 - 23Jan17 0.3655 0.4076 0.2644 0.3022 0.2930 0.3470 
1 23Jan17 - 04Feb17 0.4361 0.4743 0.4142 0.4306 0.4461 0.5015 
1 04Feb17 - 16Feb17 0.5315 0.5429 0.3897 0.3652 0.3920 0.3623 
1 16Feb17 - 28Feb17 0.5877 0.5550 0.3971 0.5282 0.4576 0.5681 
1 28Feb17 - 12Mar17 0.5522 0.4117 0.3776 0.6430 0.5262 0.5689 
1 12Mar17 - 24Mar17 0.3889 0.5056 0.3931 0.2935 0.3576 0.3630 
   S7 S8 S9 S10 S11 S12 
1 07Oct16 - 19Oct16 0.4138 0.8253 0.7106 0.6617 0.7258 0.5318 
1 19Oct16 - 31Oct16 0.4472 0.7753 0.5598 0.6152 0.5940 0.4630 
1 31Oct16 - 12Nov16 0.4424 0.4527 0.3657 0.3763 0.3303 0.3664 
1 12Nov16 - 24Nov16 0.3481 0.6251 0.3895 0.5378 0.4936 0.3426 
1 24Nov16 - 06Dec16 0.3981 0.4873 0.4209 0.4296 0.4413 0.3674 
1 06Dec16 - 18Dec16 0.4304 0.6070 0.4376 0.4861 0.5203 0.3557 
1 18Dec16 - 23Jan17 0.3390 0.3396 0.3318 0.3314 0.2934 0.2979 
1 23Jan17 - 04Feb17 0.3499 0.5125 0.3583 0.3693 0.4478 0.3200 
1 04Feb17 - 16Feb17 0.3679 0.6048 0.5236 0.4076 0.5667 0.3353 
1 16Feb17 - 28Feb17 0.4807 0.5021 0.5255 0.4498 0.5305 0.3731 
1 28Feb17 - 12Mar17 0.4345 0.5104 0.5398 0.5777 0.4692 0.5227 
1 12Mar17 - 24Mar17 0.2749 0.3562 0.3914 0.3340 0.3882 0.3505 
 
Appendix 6. InSAR coherence of VV polarization extracted from Sentinel-1 InSAR 
data, covering the communal grasslands in the study area in Eastern Cape, during 
the first (2015/2016) and second (2016/2017) growing seasons. 
G Pairs S1 S2 S3 S4 S5 S6 
2 13Oct15 - 25Oct15 0.4446 0.5484 0.6607 0.3050 0.5366 0.3673 
2 12Dec15 - 05Jan16 0.5397 0.4761 0.4552 0.2715 0.4866 0.3030 
2 05Jan16 - 29Jan16 0.4111 0.4035 0.3982 0.3481 0.4074 0.4777 
2 05Jan16 - 22Feb16 0.3363 0.3631 0.3289 0.2863 0.3340 0.3731 
2 05Jan16 - 05Mar16 0.3424 0.3637 0.3232 0.3098 0.3177 0.4076 
2 05Jan16 - 17Mar16 0.3197 0.3532 0.3060 0.2603 0.3219 0.3188 
2 29Jan16 - 22Feb16 0.4695 0.5120 0.4782 0.4431 0.4456 0.5144 
2 29Jan16 - 05Mar16 0.4168 0.4535 0.4516 0.3732 0.4276 0.4480 
2 29Jan16 - 17Mar16 0.3549 0.4349 0.4434 0.3399 0.3510 0.3875 
2 22Feb16 - 05Mar16 0.5451 0.6708 0.6204 0.5107 0.6130 0.5213 
2 22Feb16 - 17Mar16 0.4473 0.5366 0.4767 0.3935 0.4491 0.4698 
2 05Mar16 - 17Mar16 0.4695 0.5518 0.5013 0.4367 0.5038 0.4614 
   S7 S8 S9 S10 S11 S12 
2 13Oct15 - 25Oct15 0.4172 0.3414 0.4080 0.7170 0.5737 0.4468 
2 12Dec15 - 05Jan16 0.4378 0.2618 0.3808 0.5528 0.5105 0.3458 
2 05Jan16 - 29Jan16 0.4479 0.3822 0.4652 0.4682 0.4857 0.4300 
2 05Jan16 - 22Feb16 0.4019 0.3358 0.3672 0.3934 0.4012 0.3586 
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2 05Jan16 - 05Mar16 0.4166 0.3287 0.2900 0.4157 0.4299 0.3570 
2 05Jan16 - 17Mar16 0.3565 0.2639 0.2881 0.3533 0.3436 0.3247 
2 29Jan16 - 22Feb16 0.5410 0.4842 0.5218 0.5578 0.5219 0.4506 
2 29Jan16 - 05Mar16 0.4699 0.3809 0.4019 0.4993 0.4490 0.3835 
2 29Jan16 - 17Mar16 0.4632 0.3342 0.3915 0.4508 0.4023 0.3434 
2 22Feb16 - 05Mar16 0.6095 0.5066 0.5005 0.5934 0.5902 0.5056 
2 22Feb16 - 17Mar16 0.5067 0.3568 0.4548 0.5197 0.4598 0.4114 
2 05Mar16 - 17Mar16 0.4932 0.3737 0.6421 0.5236 0.4515 0.4530 
     S1 S2 S3 S4 S5 S6 
2 07Oct16 - 19Oct16 0.4173 0.6022 0.6704 0.5922 0.6802 0.6907 
2 19Oct16 - 31Oct16 0.4344 0.5454 0.6349 0.5028 0.6379 0.5638 
2 31Oct16 - 12Nov16 0.4549 0.5858 0.5578 0.4209 0.6020 0.4697 
2 12Nov16 - 24Nov16 0.6737 0.6420 0.5625 0.4896 0.6663 0.5027 
2 24Nov16 - 06Dec16 0.4884 0.5965 0.6022 0.4537 0.6338 0.6426 
2 06Dec16 - 18Dec16 0.6503 0.5407 0.6289 0.4983 0.4933 0.6225 
2 18Dec16 - 23Jan17 0.3656 0.6374 0.4797 0.2679 0.5893 0.3780 
2 23Jan17 - 04Feb17 0.6160 0.7888 0.7838 0.3709 0.7291 0.6584 
2 04Feb17 - 16Feb17 0.5804 0.6102 0.6732 0.4445 0.6065 0.6783 
2 16Feb17 - 28Feb17 0.5147 0.5320 0.5140 0.5058 0.4646 0.6259 
2 28Feb17 - 12Mar17 0.5996 0.6003 0.5514 0.5190 0.6199 0.6350 
2 12Mar17 - 24Mar17 0.4731 0.6292 0.4624 0.3133 0.5317 0.4255 
   S7 S8 S9 S10 S11 S12 
2 07Oct16 - 19Oct16 0.7111 0.6620 0.6748 0.6745 0.6481 0.4547 
2 19Oct16 - 31Oct16 0.6578 0.5813 0.5961 0.6251 0.5680 0.4151 
2 31Oct16 - 12Nov16 0.5268 0.4694 0.5131 0.5615 0.4798 0.4432 
2 12Nov16 - 24Nov16 0.5271 0.5190 0.5589 0.5883 0.5338 0.5515 
2 24Nov16 - 06Dec16 0.5906 0.4885 0.5298 0.5864 0.5117 0.4676 
2 06Dec16 - 18Dec16 0.6256 0.5822 0.5198 0.6479 0.6315 0.5498 
2 18Dec16 - 23Jan17 0.3423 0.2699 0.2956 0.4627 0.2363 0.3208 
2 23Jan17 - 04Feb17 0.5961 0.4648 0.5353 0.8130 0.3812 0.5065 
2 04Feb17 - 16Feb17 0.6852 0.5967 0.6274 0.6768 0.5265 0.3903 
2 16Feb17 - 28Feb17 0.6442 0.5325 0.5680 0.6164 0.5755 0.3878 
2 28Feb17 - 12Mar17 0.6052 0.5033 0.6022 0.6039 0.6007 0.5967 
2 12Mar17 - 24Mar17 0.3995 0.3102 0.3631 0.5327 0.3590 0.3828 
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